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Abstract 

Although empirical methods have been developed to predict river ice formation processes 

(Beltaos S. , 2013), the availability and use cases for these existing methods are limited. However, 

the option to use physical methods would further expand the tools available for water resources 

professionals to more effectively manipulate ice-affected river hydraulics. These methods can be 

developed through the study of a greater quantity and quality of data on the physical 

mechanisms that drive river ice formation. Unfortunately, collecting river ice data in the field can 

be dangerous and the available tools to do so are limited. 

Ice formation processes have been monitored on the Red and Assiniboine River in Manitoba by 

establishing an extensive network of hydrometric equipment and trail cameras. Although much 

of the study area is often subject to mechanical freeze-up jams, thermally driven border ice 

growth is typically observed just upstream of the Assiniboine’s confluence with the Red River. 

Using photogrammetry and a digital image processing algorithm, border ice growth rates can be 

quantified using time-lapse photography. The developed techniques provide high frequency data 

that is a safe and economic alternative to more traditional site surveys.  

A CRISSP2D model has been calibrated using hydrometric and border ice growth rate data as a 

practical application for the introduced methods of data acquisition. However, this application 

resulted in the identification of deficiencies in CRISSP2D for the modeling of thermal border ice 

growth. An improved thermal border ice growth model prototype for CRISSP2D has been 

developed that relies on no additional field data, rectifies the identified deficiencies, and is 

recommended for implementation during CRISSP2D’s continued development.  
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1 Background 

1.1 Introduction 

The complexities involved with river ice formation processes introduce uncertainties to the 

estimation of river hydraulics and impacts the operation of hydrologic networks in colder 

climates. Despite being a significant component to river hydraulics in Canada, the field of river 

ice engineering is relatively young and its present rate of advancement is somewhat slow. 

Extreme climates, limited resources, and few active researchers are a few of the major challenges 

that hinder the field studies required to achieve a greater knowledge in river ice engineering. 

Although empirical methods have been developed to predict river ice formation processes in the 

literature (Beltaos S. , 2013), the availability and use cases for these methods are limited. 

However, the option to use physical methods would further expand the tools available for 

Canadian water resource professionals to more effectively manipulate ice-affected river 

hydraulics in colder climates. These methods can be developed through the study of a greater 

quantity and quality of data on the physical mechanisms that drive river ice formation. 

Collecting river ice data in the field can be a dangerous proposition; Andrishak & Hicks (2015) 

summarized several best practices that should be followed when doing so. These practices 

include proper site surveying, recommendations of safety equipment, and emergency rescue 

procedures. Due to the unpredictability of river ice processes and the dangers that performing 

field work during ice formation events can pose, it is desirable to monitor them remotely when 

possible. One method of obtaining both temporal and spatial data of river ice formation remotely 

is with optical and radar satellite imagery. Satellite images can serve as a tool for observing river 
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ice formation at a high level, but also leaves the users of these datasets with significant temporal 

gaps and lacks the finer resolution that a stationary ground level camera can provide. Unlike 

satellite imagery however, ground level photography produces images that are challenging to 

quantify due to the difficulties in accurately performing photogrammetry with oblique 

photographs.  

Although the technology and techniques used for monitoring river ice processes have made great 

progress in the last few decades (e.g. the emergence of advanced spatial data collection through 

ground-based, aerial, and satellite imagery), there is still a significant need for advancement in 

most areas. In an article by Beltaos & Burell (2015), a number of advancements in field 

instrumentation over the past 35 years are summarized, however, it has only been in the past 

decade that ground level stationary cameras have become an increasingly more legitimate 

source for quantifiable data in river ice monitoring. Studies by authors such as Das et al. (2015a) 

and Clark & Wall (2016) are helping to standardize the use of stationary field cameras in river ice 

monitoring, but the data collected from the cameras in these studies remains largely qualitative. 

As another example, a study performed by Das & Lindenschmidt (2015b) on the Slave River in 

Alberta, focused heavily on the formation of air pockets and doubly layered ice using radar 

satellite imagery as a primary source for data acquisition. While the radar satellite imagery 

allowed for the monitoring of the up and downstream conditions of the observed phenomenon, 

the placement of time-lapse field cameras at those sites may have enabled a more detailed 

analysis of their formation. Field autopsies of these ice formations were performed however, but 

only shed light on their final in-situ characteristics. 
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1.2 Objectives and Motivation 

The objective of this research is to develop an improved understanding of river ice formation 

processes on the Red and Assiniboine Rivers based on hydrometric and photographic data 

collected in the field by establishing an extensive river ice monitoring program. The methods of 

physical data collection developed through this research will help serve the data requirements 

of future river ice studies and numerical models, which will in turn minimize dependencies on 

simpler empirically derived methods for determining ice formation mechanisms and growth 

rates. This data will also be used to provide an additional modeling scenario for the in-

development river ice simulation software “CRISSP2D” to demonstrate its present capabilities 

and deficiencies through site-specific calibration and validation. 

Improvements to the estimation of river ice processes will aid in addressing public safety 

concerns tied to recreational river ice activities, which provide social and economic incentives to 

Canadian cities. Additionally, the ability to more accurately forecast the onset of river ice covers 

will provide the users of hydraulic control structures and generating stations with more 

confidence in their operations, maximizing their performance. The Canada-wide dependency on 

hydroelectric generation and the desire to maximize the use of finite resources demonstrates 

that further research in the field of river ice engineering would be a benefit to the nation’s 

economy. With the current repair of existing and construction of new local facilities, it is 

important now, more than ever to ensure the most efficient use and design of infrastructure 

through state-of-the-art engineering. 
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1.3 Study Area 

The confluence of the Red and Assiniboine Rivers found in Winnipeg, Manitoba provides a 

compelling opportunity to support the research on river ice formation processes. The differing 

hydraulic characteristics of each river conveniently presents an opportunity to collect two 

independent sets of data with little additional travel. The upstream boundaries of the study area 

are located at the Taylor Bridge in Headingley, MB, on the Assiniboine River and the St. Adolphe 

Bridge in St. Adolphe, MB, on the Red River. The confluence of these 2 rivers at The Forks in 

Winnipeg is 49 km downstream of the upstream Red River boundary and 25 km downstream of 

the upstream Assiniboine River boundary. The Red River then drains into Lake Winnipeg 60 km 

downstream of the confluence (the Assiniboine River is a tributary). A map illustrating the study 

area and its boundaries is provided in Figure 1-1 (the river reaches highlighted in green 

encompass the study region). 
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Figure 1-1: Study area and boundaries 
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The hydrology of the study region is impacted by approximately 288,000 km2 of land in the Red 

River drainage basin, defined at the outlet to Lake Winnipeg and has a mean outflow of 236 cms 

(The Canadian Encyclopedia, 2016). Owing to the fact that this watershed resides in the Canadian 

Prairies, extremely mild slopes ensure that the flood plains of its rivers are hastily occupied during 

higher than usual flows. Notable floods in the Province occurred in 1826, 1852, 1861, 1950, 1979, 

1996, 1997, 2006, 2009, and 2011, which have forced evacuation efforts and caused much 

damage with flow rates as high as 225,000 cms (Government of Manitoba, 2018a). As Winnipeg 

and many surrounding communities are situated in these flood plains, several control structures 

have been constructed to reduce flood risks and hence, influence the Red and Assiniboine River’s 

hydraulics. One of these structures is the Shellmouth Dam, which helps to prevent flooding from 

the Assiniboine River in Brandon, Portage la Prairie, and Winnipeg by holding water in a 56.3 km 

long reservoir with a capacity of 477M m3 (Government of Manitoba, 2018b). The Portage 

Diversion is a 29 km long channel which as the name implies, diverts flows up to 25,000 cfs from 

the Assiniboine River into Lake Manitoba, protecting Winnipeg and rural municipalities such as 

Portage la Prairie, Cartier, St. Francois Xavier, and Headingly (Government of Manitoba, 2018c).  

The most significant control structure protecting Winnipeg from flooding is the Red River 

floodway, which during its original construction was second only to the Panama Canal when it 

came to the largest earth moving projects the world has ever seen (Government of Manitoba, 

2018d). After the “flood of the century” in 1997 caused over $500M of damage (and temporarily 

formed the “The Red Sea”), the Red River Floodway capacity was increased from 60,000 cfs to 

140,000 cfs to ensure protection for the city in the case of a 1 in 700 year flood. Although the 

initial capital cost of the Red River Floodway was $64M in the 1960s and $628M for its expansion 
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in the late 1990s, it is estimated that the floodway has since shielded Winnipeg from tens of 

billions of dollars in flooding damage, demonstrating the economic incentive to acting proactively 

in the face of flood risks. 

1.3.1 River Ice in Manitoba 

Although the impact of river ice in Manitoba varies year by year, the consequences of some ice 

formation events can be extremely undesirable. A river ice freeze-up jam can cause significant 

increases in upstream water levels which can reduce the performance of hydroelectric 

generating stations and cause flooding (Hopper & Raban, 1980; Gebre et al., 2013). The 

conditions leading to the freeze-up of the Red and Assiniboine Rivers also govern the availability 

and length of the Red River Mutual Trail, which attains lengths up to 10 km and serves as a major 

attraction for the City of Winnipeg (CBC, 2018). Moreover, as river ice begins to break-up in the 

spring, accumulations of ice floes also raise flooding concerns and damage shorelines as they are 

carried downstream (CBC, 2017a). An assessment of the causes and damage for the 2009 flood 

event in the Red River Basin was documented by Wazney & Clark (2016) and was heavily 

influenced by river ice break-up. 

The issue of hydraulic resistance induced by ice jams to hydropower has been documented for a 

long time (Hopper & Raban, 1980), yet ice jams continue to raise significant concern whenever 

they occur. Ice jams that occur upstream of hydroelectric generating stations can reduce overall 

flow to the powerhouse, while those that occur downstream can cause increases in tailwater 

elevations, reducing the hydraulic head available to the station (Gebre et. al, 2013). Given that 

the governing equation for hydropower can be determined using Equation ( 1-1 ), it follows then 
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that reductions in flow [Q] and hydraulic head [h] result in a reduction of hydropower [P]. The 

fact that turbine efficiency coefficients [η] also have a positive correlation with hydraulic head 

only compounds this reduction in hydropower due to ice jams. 

𝑃 =  𝜂𝜌𝑄𝑔ℎ ( 1-1 ) 

Ice jams don’t just affect the operations of hydroelectric generating stations however, they can 

also pose problems as early on as their construction. At a recent Committee on River Ice 

Processes and the Environment Conference, Morris & Malenchak (2017) shared their experiences 

in mitigating a hanging ice jam upstream of the under construction Keeyask generating station 

after an upstream ice boom failed under ice loading. The failure of the ice boom meant that the 

crest heights designed for the cofferdams would potentially no longer be adequate to prevent 

flooding of the construction site. The overtopping of these cofferdams would cause significant 

damage, cause delays, and increase costs for the project. It was ultimately decided that a large 

sheet of ice be used to bridge a constriction of the channel upstream of the construction site, but 

after 2 failed attempts to do so, it was found that water levels had stabilized and the dangers 

associated with further attempts outweighed the benefit of successfully bridging the upstream 

channel. Although this scenario worked out for the better in the end, there was never a guarantee 

that flooding of the construction site wouldn’t ensue. 

It is not uncommon that fears of flooding in Manitoba due to ice jams are reported in the media. 

Some examples of these include the operation of the Red River floodway help mitigate flooding 

(Manitoba Infrastructure, 2018) or the massive size of ice blocks that accumulate on the shores 

of Lake Winnipeg (The Weather Network, 2017). One of the efforts to reduce the likelihood of 
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flooding due to ice jams on the Red River includes the annual operation of amphibexes to 

promote the breakup of ice to be discharged in Lake Winnipeg (Wazney & Clark, 2016; 

CBC,2017b). The amphibex is a cross between a back-hoe and barge that pulls itself onto the 

leading edge of an ice cover and uses its approximately 20,000 Kg self-weight to break over 25 

km of ice on the Red River North of Selkirk each year. 

Although less of a concern with regards to potential disasters that may occur, a controlled freeze-

up on the Assiniboine and Red River would provide large economic incentives to the City of 

Winnipeg. In 2018, the Red River Mutual Trail was the longest it’s ever been, extending as far 

West on the Assiniboine River as Arlington Street and as far South on the Red River as the St. 

Vital Bridge along Churchill Drive (CBC, 2018). At the junction of these 2 rivers is The Forks, which 

serves as a hub for the river ice trail and is one of the most culturally iconic locations in Winnipeg. 

However, the formation of the ice trail is largely governed by the hydraulics of the Red and 

Assiniboine River as well as the climate each year. This hydraulic governance is particularly 

dependant on the water elevation, which impacts the overall heat capacity of the river and its 

rate of cooling to sub-zero temperatures, when ice formation begins to occur. These factors 

determine the freeze-up processes that occur on each river and when the strength of a 

competent ice cover is enough to safely support the loads of people and vehicles. 

Having assessed the impact that river ice has in Manitoba, it stands to reason that a better 

understanding of ice process would be of benefit to the Province both financially and to improve 

safety. An improved understanding can be developed through the analysis of high quality and 

frequency river ice data using state-of-the-art methods, which this thesis provides. 
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2 River Ice & Image Processing Literature Review 

This section provides a foundation for the methods and analysis procedures incorporated into 

this research. The first topics discussed relate to the fundamental knowledge in river ice 

engineering for which existing empirical relationships have been based upon. An introduction to 

traditional river ice monitoring methods is then provided, followed by a discussion of 

photography and photogrammetry in the monitoring of river ice processes. This discussion 

provides details of the fundamental differences between photography and photogrammetry as 

well as shares some best practices for camera deployment. Digital image processing as a means 

to extract quantitative data from photographs is becoming more common in river ice monitoring 

and some of the methods used in image processing algorithms are presented. Furthermore, some 

of the applications of photography and photogrammetry in river ice engineering over recent 

years are summarized, which helps give context to the use cases of these methods. 

In addition to trail cameras, new tools are still being explored to enhance data collection practices 

using photogrammetry. Cutting edge technologies that may supplement some of the short 

comings of stationary cameras include unmanned aerial vehicles and 3D laser scanners, in 

addition to the ever-increasing processing power of modern computers. Some of the current uses 

of these technologies in various fields are explored in order to help identify potential applications 

in river ice engineering. Lastly, a review is made on river ice simulation models and how additional 

field data can be used to help develop and calibrate them. 

The culmination of these topics helps support the relevance and importance of this research, 

particularly with respect to data acquisition and its necessity in numerical modeling. Previous 
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efforts to collect border ice growth rates provided data frequencies that are an order of 

magnitude smaller than what is presented in this thesis (Newbury, 1968; Michel, 1982; Miles, 

1993) or used high frequency imagery, but don’t provide physical dimensions (Vuyovich et al., 

2009). Considering the significant data requirements to develop, test, and validate numerical 

models, it is no surprise that many are either one-dimensional (Lindenschmidt, 2017; Danish 

Hydraulics Institute, 2018) or limited in scope with respect to ice-based simulations (University 

of Alberta, 2018). The Comprehensive River Ice Simulation System Program 2D (CRISSP2D) is 

presently the most ambitious river ice numerical model (Liu, Li, & Shen, 2006), but even CRISSP2D 

demonstrates a need for improved sub-routines in ice-dynamic calculations, which can be 

developed with greater data availability. 

2.1 River Ice Formation Processes 

2.1.1 Thermal Processes and Frazil Ice Production 

Thermal processes are the driving phenomena which elicit most river ice formation processes. 

Although the relevant thermal considerations can be simplified to the resulting heat flux between 

water interfaces, the derivation of this heat flux is often complicated by a considerable number 

of influences. Although these influences are easy enough to acknowledge, they can be difficult 

to comprehensively include in practical applications of river ice engineering (Beltaos S. , 2013). 

These influences include the physical properties of water, ice, and snow such as density, thermal 

conductivity, and albedo, as well as physical atmospheric properties such as vapour pressure, 

cloud coverage, precipitation, and wind velocity. A positive heat flux in an energy balance is 
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produced by solar radiation which is ultimately transferred to a water body and the elements 

surrounding it. 

It has been found that the production of frazil ice in a river occurs under the optimal conditions 

of supercooled and turbulent flow, as shown by Clark (2006). The supercooling of water is largely 

driven and timed by the thermal processes and climatic conditions mentioned previously, while 

the turbulence in a river determined by the flow conditions and channel geometry. Despite the 

significantly low water temperatures required (approximately -40°C) for the homogenous 

nucleation of ice crystals to form in pure water (Tsang, 1982), mass transport mechanisms are 

ultimately responsible for freeze-up observed in natural rivers and streams. Using the concept of 

seed crystals, nucleation agents from mass transport include frozen precipitation and surface 

water particles that are uplifted and frozen by wind. Once a seed crystal has been introduced to 

the supercooled flow, secondary nucleation can occur using the original or broken up seed 

crystals as hosts. With secondary nucleation then, the proliferation of frazil ice in a water body 

can be initiated. Due to the latent heat released through the secondary nucleation of many seed 

crystals, the water body will eventually warm and no longer be supercooled, halting further 

production. This phenomenon can be concisely illustrated using a supercooling curve which is a 

plot of the temperature of supercooled water over time during a frazil ice production event. 

At its inception, frazil ice exists on a micro-scale and takes the form of and expands in a disk 

rather than spherical shape, due to its anisotropic crystalline kinetics (Beltaos S. , 2013). 

Eventually these crystals collide with one another and sinter to form frazil flocs. With enough 

accumulation of frazil ice into a frazil floc, the entrainment of the floc in the flow becomes 
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overcome by buoyant forces and causes the frazil ice to rise to the water surface as frazil slush, 

like those observed by McFarlane & Loewen (2014). After enough exposure to cold atmospheric 

temperatures, porous frazil slush gains strength through the freezing of interstitial water and can 

become a frazil pan. Individual frazil pans can often be identified by their commonly upturned 

edges and circular surface geometry, which are formed due to their collisions with other frazil 

pans or obstacles in their flow path. Under the right conditions, frazil pans can also conglomerate 

to form larger frazil rafts. Figure 2-1 shows various frazil ice floes looking upstream on the 

Assiniboine River from the Donald Street Bridge during the 2016-2017 winter freeze-up. 

 

Figure 2-1: Frazil ice in the field 

2.1.2 Border Ice Formation 

Under similar climatic conditions to the production of frazil ice, border ice begins to form along 

the banks of natural rivers and streams in lower velocity zones (Beltaos S. , 2013). Border ice 

grows outwards into the flow and downward, producing a triangular wedge shape that is thickest 

at the shoreline and thinnest at its most outward extents. Border ice formation can occur 

individually or together through one of two growth mechanisms. These mechanisms are thermal 

processes or through frazil ice accumulation, both of which depend greatly on factors such as net 
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heat exchange, frazil ice concentration, channel geometry, and flow conditions. Although the 

timing of these formation processes depends on the conditions listed, the continuous growth 

rate of thermal border ice provides a better opportunity to collect temporal data versus the 

instantaneous and discrete depositions that occur during mechanical growth. In some cases, 

these processes can lead to a 100% ice cover in a matter of days (Assiniboine River) or months 

(Lower Nelson River) (Miles, 1993). These border ice mechanisms are demonstrated in Figure 2-2, 

showing a photo taken during the 2017-2018 freeze-up looking upstream on the Assiniboine 

River from the Donald Street Bridge. 

 

Figure 2-2: Border ice formation mechanisms 

Thermal border ice growth occurs when the net rate of heat loss of bank flow is higher and flow 

velocity is lower relative to the rest of the cross section, inducing localized freezing at the 

boundaries of the river or stream. One could use a full energy balance to determine the heat 

exchange leading to the formation of border ice, but existing studies have shown success in 

simply relating increases in degree-days of freezing to border ice growth, which omits arguably 
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significant factors like wind velocity at the water surface (Newbury, 1968). Lower water velocities 

promote formation and if low enough, allow the formation of thin ice needles that extend 

perpendicularly into the flow. Water that becomes increasingly stagnant between these needles 

can then freeze as a sheet, often during the night when temperatures are lower, forming visible 

striations on border ice that are approximately parallel to the banks. These striations however 

can become obstructed from view due to snow cover. 

For border ice growth to occur due to frazil accumulation, frazil ice needs to collide with the river 

banks or border ice edges and become stationary. Frazil accumulation can also contribute to the 

vertical growth of border ice through the deposition of frazil underneath the border ice as noted 

by Miles (1993). Border ice growth through frazil accumulation is often easy to distinguish from 

thermally grown border ice due to a rougher appearance on its surface.  A force balance of 

friction between ice flocs or pans with border ice boundaries and external driving forces such as 

ice velocity, can be used to analyze the stopping criteria for this accumulation. It follows then 

that if frazil and border ice collisions occur with enough force, it can instead act to erode existing 

border ice rather than accumulate. It is also hypothesized that the presence of significant surface 

ice concentration can insulate a river and hence, halt frazil ice production, ultimately limiting 

border ice growth through frazil accumulation. 

The influence of localized water velocities has a significant impact on both mechanisms of border 

ice formation. In practice, it has been observed that velocities greater than 1.2 m/s limit the 

growth of border ice (Newbury, 1968). Since channel geometry has a significant effect on the 

localized water velocities in a channel, low velocity zones such as the insides of river bends and 
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in the wake of obstructions such as islands and bridge piers are common sites for early and 

relatively rapid border ice growth. Furthermore, due to the simplicity of empirical methods used 

to model border ice growth (Newbury, 1968; Michel B. , 1971; Matousek, 1984; Miles, 1993), 

some of the variability between rivers such as the influence of geometry on Froude number are 

accounted for in site-specific calibrations. 

2.1.3 Freeze-up Jams 

There are several mechanisms which can lead to the formation of a static river ice cover or freeze-

up jam and are related to the processes discussed previously (Beltaos S. , 2013). Although it is 

known that a jam can form either thermally (static formation) or mechanically (dynamic 

formation), and the phenomena which contribute to both mechanisms have been subject to 

much research, predicting when and where a freeze-up jam will occur continues to be a challenge 

for river ice engineers. The impact of freeze-up jamming is only made more significant when one 

considers the effect that ice jamming can have on the hydraulics of a river, which can lead to 

floods that damage infrastructure, homes, and reduce the performance of hydroelectric 

generation systems. The Dauphin River in Manitoba, Canada is an example of a river which often 

experiences significant mechanical ice jams, posing large flooding risks and continues to be 

studied by Clark & Wall (2016). 

A thermal river freeze-up occurs when the governing river ice processes are the formation of 

border ice or skim ice, which occur under relatively low flow velocities (Beltaos S. , 2013). A 

thermal river freeze-up is said to have occurred once a smooth ice cover has been formed across 

an entire cross-section for a channel. A mechanical freeze-up jam occurs when an accumulation 
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of ice floes cannot overcome the frictional forces of channel boundaries, which resist their 

movement, and are arrested to form a bridge over a cross-section in the channel. The bridge 

formed in a mechanical freeze-up jam can be influenced by several factors including surface ice 

concentration, flow velocity, and natural flow constrictions due to channel geometry or border 

ice growth. While the flooding implications of a mechanical freeze-up jam can be comparable to 

that of a break-up jam, the typical backwater effects of a thermal river freeze-up is much milder 

due to their relatively reduced roughness and thickness at formation.  

The mechanical freeze-up jam is said to have occurred once the bridging event occurs, however, 

the bridging event is only the first phenomena to occur during this type of jam (Pariset, Hausser, 

& Gagnon, 1966). The study by Wazney et al. (2018) demonstrates an example of ice jam 

evolution through the study of secondary consolidation events and ice cover progression on the 

Lower Dauphin River in Manitoba. The flow conditions and presence of additional ice floes are 

contributors to how the mechanical freeze-up jam evolves. Incoming ice floes at the head of the 

jam can either accumulate or be transported underneath the jam. Ice floes which remain on the 

surface and accumulate upstream, result in a juxtaposed ice cover and may either freeze in place 

as interstitial water of the cover freezes to form a crust, or collapses due to external forces, 

causing the jam to telescope and increase in thickness. Ice that is transported under the cover 

behaves in a manner similar to sediment transport (buoyancy is analogous to gravity) and can 

either be discharged at the toe of the ice jam or accumulate under the ice cover. The 

accumulation of ice under the jam can act to thicken it, or in extreme cases form a hanging dam, 

which can drastically increase the upstream water surface elevation. Figure 2-3 illustrates a 

mechanical freeze-up jam that bridged due to a combination of obstructions (bridge piers) and 
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border ice growth (primarily frazil accumulation) looking downstream on the Assiniboine River 

from the Main Street Bridge during the 2016-2017 freeze-up. 

 

Figure 2-3: Mechanical freeze-up jam 

2.2 Field Monitoring 

2.2.1 Traditional Monitoring 

Despite the increasing popularity of economic and portable field cameras in river ice monitoring, 

traditional monitoring techniques remain fundamental to the performance of current studies 

(Beltaos & Burrell, 2015). This reliance is largely due to the level of accuracy that can be obtained 

using these traditional methods, as well as their range of applications, which trail cameras alone 

cannot match. Some of these monitoring techniques include the analysis of radar and optical 

satellite imagery, field surveying, and the deployment of stationary hydrometric and 

meteorological stations. 

The use of satellite imagery continues to be a useful tool in river ice monitoring because it can 

typically cover the entire extents of a study area at a given time. Moreover, the use of radar 

satellite imagery allows observations even when atmospheric conditions may limit the use of 

remote sensing on the visible light spectrum. This imagery can enable the study of river ice 
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progressions over time and be used to develop statistical models which can classify ice types 

(Das, et al., 2015a) and thicknesses (Lindenschmidt, Syrenne, & Harrison, 2010). However, the 

use of satellite imagery is often limited by its spatial and temporal resolution which can affect 

the accuracy of quantitative assessments using this imagery. Hence, ground level measurement 

techniques are often utilized to compensate where stricter data requirements exist. 

Common in the study of river hydraulics even without the influence of ice are stationary water 

level gauges. These devices are placed under the water surface and use the principals of 

hydrostatics to determine the depth of water above them. However, because the measurement 

probe on these gauges cannot distinguish between water pressure and atmospheric pressure, 

they are typically installed in close proximity to a barometric sensor to correct their recorded 

data. Some applications of water surface elevation data in river ice studies include the monitoring 

of water surface profiles and the effect that ice dynamics have on them, such as waves and ice 

runs from ice jam releases (Nafziger, She, & Hicks, 2016) and ice consolidation during mechanical 

freeze-up jams (Wazney, Clark, & Wall, Freeze-up Observations on the Dauphin River, 2017). 

Although some water level gauges such as the Solinst Levelogger come equipped with the ability 

to measure temperature, the temperature resolution of these devices is often inadequate for the 

monitoring of river freeze-up. Because frazil ice generation often occurs when the average 

freezing water temperature is of the order of 0.01°C (Clark, 2006), temperature monitoring 

during freeze-up studies is instead delegated to specialized temperature measurement devices 

such as the Sea-Bird Electronics SBE-56 (Clark & Wall, 2016). 
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While measurements of water surface elevation are paramount in the monitoring of river ice 

hydraulics, they provide very little direct information about the physical characteristics of the 

river ice itself. One method to obtain information about the characteristics of an ice cover is the 

collection of ice core samples, which can provide a chronology of their formation and strength 

characteristics based on their ice types (Gherboudj, Bernier, Hicks, & Leconte, 2007). 

Alternatively, ice thickness can be determined without gathering of a full ice core sample by 

simply drilling a hole in an ice cover and measuring to the bottom ice surface from the top surface 

(Michel B. , 1971). 

Climatic changes are the driving force in the formation of ice on rivers. Thus, it should come as 

no surprise that climate data such as air temperature, wind velocity, precipitation, and incoming 

solar radiation must be collected in order to properly monitor river ice. Although Environment 

Canada provides historic climate data for many locations in the country which are suitable for 

some studies (Beltaos & Carter, 2009), other studies sometimes require the additional 

installation of equipment to be in closer proximity (Wazney, Clark, & Wall, Freeze-up 

Observations on the Dauphin River, 2017) or if there are meteorological data requirements that 

nearby government stations do not provide. 

2.2.2 Photography and Photogrammetry 

A distinction can be made between two possible uses of stationary field cameras in river ice 

research. The first of which is simple photography, which enables the logging of qualitative 

observations from the contents of time-lapse photographs. Data such as the timing of ice 

formation events and the characteristics of these events can be easily determined from simple 
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time-lapse photography. The second is photogrammetry, wherein physical dimensions are 

mapped to pixels in photographs and thus, changes in the physical dimensions of features on an 

ice cover can be analyzed. Applications of photogrammetry in river ice monitoring include the 

measurement of border ice growth, surface ice concentration, and water surface velocity. 

More often than not however, stationary trail cameras are used for photography rather than 

photogrammetry and primarily serve to validate the observations made using radar satellite 

imagery. Some explanations for the apparent lack of photogrammetry being used in more studies 

include the high level of labour required to manually interpret physical dimensions from 

photographs or to develop the algorithms that can automate these processes. The automation 

of methods to process a time-series of photographs also requires site-specific surveying and thus 

an argument can be made against whether the development of such algorithms is a worthwhile 

investment. Accuracy loss through automation may also be of a concern, depending on the 

proposed objective for the data. 

Despite the concerns that photogrammetry may raise to prospective users, a number of studies 

have been recently completed which utilize photogrammetry to supplement existing river ice 

monitoring methods. The level of detail achieved through photogrammetry in the literature 

varies and is subject to the needs of the study in question. In a study by Bourgault (2008), their 

needs were satisfied by producing georectified photographs as a replacement for expensive 

aerial photographic surveys to monitor changes in ice distribution in the St. Lawrence River. 

Oblique photographs in a study by Nafziger et al. (2016) were used without any type of 

rectification to estimate the surface ice concentration on the Hay River, where an error of up to 
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10% on estimations was deemed acceptable. An image processing algorithm was developed by 

Ansari (2016) to georectify stationary field camera images and determined the total area of 

visible ice on a section of the Lower Nelson River, where a root mean square error (RMSE) of up 

to 248 m2 was proposed as acceptable. 

2.2.2.1 Stationary Field Cameras 

The use of stationary field cameras in the monitoring of river ice processes is an enticing 

proposition due to their ability to capture datasets at a higher resolution and frequency than 

radar satellite imagery, in addition to their low cost and mobility. As with any field monitoring 

equipment however, there are many technical and environmental factors that can lower the 

quality of images produced by these cameras or impede their operation. Ideally, a camera in the 

field should have an elevated vantage point to reduce the obliquity of photos and thus reduce 

the level of transformation to rectify them, if required. A higher vantage point can also serve to 

increase the area of observation captured by a cameras field of view if desirable. Another 

important factor is the stationarity of a camera placement, where improved stationarity can 

reduce or circumvent the requirement for image registration in some image processing 

algorithms like the one used by Ansari (2016). To provide an example, it may be wiser to mount 

a stationary field camera to a non-moving rigid structure such as a bridge railing instead of a tree, 

which can shift over a field season and change the cameras perspective.  

The following sub-sections discuss some of the technical and environmental considerations of 

stationary field camera deployments in river ice field monitoring studies. 



 

23 

 

Photogrammetry: 

To effectively utilize photogrammetry using stationary field cameras, there is a need to validate 

the measurements made using physical landmarks in the images. The requirement then is to 

successfully relate the physical dimensions of objects captured by the camera to the pixels in the 

image. This requirement can be satisfied by ensuring that there are physical landmarks visible in 

the images and that either their geographical coordinates or dimensions are known. For example, 

by mapping the geographical coordinates of landmarks in an image, a photo can be transformed 

through georectification, which converts an oblique image to a plan-view like image similar to 

those developed by Bourgault (2008). Another but simpler form of photogrammetry can be 

performed utilizing the width or height of some object in a plane at a particular radial distance 

from the camera to be used as a scale. This type of photogrammetry doesn’t require the 

geographical coordinates of an object, but requires that the object defining the scale be on the 

same radial plane as the elements being measured and that optical irregularities be considered. 

Figure 2-4 demonstrates a theoretical single radial plane photogrammetry configuration that can 

be used to physically measure border ice growth using a 5 m wide sign in the camera’s field of 

view as a physical reference (the green ray represents the camera’s field of view). 

 

Figure 2-4: Single radial plane photogrammetry example 
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Optical Irregularities: 

There are multiple sources of error that can make photogrammetry difficult to perform that are 

inherent to all cameras (Adobe, 2017; MathWorks, 2017). Digital cameras use lenses to refract 

light and converge its field of view onto an image sensor, which can produce several optical 

irregularities that should be considered when performing photogrammetry. A significant source 

of these irregularities comes in the form of image distortion, which is most commonly positive 

radial distortion, otherwise known as barrel distortion in consumer grade digital cameras. In 

barrel distortion, magnification of the image decreases with distance from the optical axis (center 

of the image), which can produce significant error during photogrammetry in some cases. 

Examples of optical distortion applied to a basic grid are provided in Figure 2-5. 

 

        No Distortion               Barrel Distortion              Pincushion Distortion 

Figure 2-5: Examples of optical distortion 

Depending on the severity of distortion, chromatic aberration may also be a factor in the 

reduction of quality from images produced by a camera. Chromatic aberration can be described 

as coloured fringes in higher contrast regions of an image in the areas most affected by radial 

distortion. Another issue that can commonly affect the accurate capture of images using a 
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camera is vignetting, which can be described by darker regions near the outer edges of a 

photograph. Vignetting can also be attributed to the lens used by a camera and is the result of 

light intensity variation during the convergence of light to its sensor. Vignetting can however be 

reduced by increasing a cameras F-number, thereby reducing its aperture size. Figures 2-6 & 2-7 

demonstrate cases of chromatic aberration and vignetting experienced using a Canon EOS-M 

equipped with a EF-M 22 mm f/2 STM lens and a generic circular polarizing filter. 

        

Figure 2-6: Chromatic aberration example 

 

Figure 2-7: Vignetting example 

Fortunately, the optical irregularities produced using cameras can be compensated for prior to 

their use in photogrammetry. Commercial software such as Adobe Lightroom and MATLAB make 

Red tinge 

 

   Blue tinge 
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this task much simpler, wherein an image transformation pre-set can be determined and applied 

to all images from a given camera. Barrel distortion correction can be achieved by taking photos 

of a printed camera test chart pattern such as a checkerboard and compensating for any 

observable distortion through the appropriate software. An example of the lens distortion 

correction procedure using MATLAB is demonstrated in Section 3.2.2.1. Similarly, chromatic 

aberration and vignetting can also be observed by taking a photo of an appropriate and evenly 

lit camera test chart and calibrating the taken photos. 

Environmental Considerations: 

The environmental conditions of a deployed field camera can also significantly affect their 

operation and should be accounted for. Of particular concern in the context of river ice 

monitoring using economical field cameras are the low temperatures that the electronics must 

endure while deployed. For example, the electronics in a standard SD card may only be specified 

to operate at temperatures as low as -25˚C (Sandisk, 2017), but when used in cameras for river 

ice monitoring studies can be exposed to temperatures below -40˚C. These low temperatures 

can also cause batteries to drain at a much greater rate and cameras to malfunction or shutdown. 

Though solar panels can be used to extend the life of camera batteries, a succession of cloudy 

days can halt any benefit that they provide, thereby draining the internal battery of the camera 

and rendering the device useless until power is restored. 

Environmental conditions can also reduce the visibility of or alter the characteristics of a cameras 

subject, making the use of its images in photogrammetry increasingly difficult. Subject visibility 

can be impeded through simple variations in temperature and humidity, causing its lens to 
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become fogged up. Rain drops on a cameras lens can introduce extreme distortions to the image 

before evaporating or running off and snow or ice on a lens can partially or completely obstruct 

the cameras view.  

Some environmental factors can also alter the characteristics of images which can make 

developing automated methods of processing images extremely challenging. Though having clear 

skies may be beneficial to those adopting the use of a solar panel to their monitoring stations, 

the shadows on a sunny day introduce patterns in the image that may interfere with edge 

detection or thresholding algorithms. Wind may also cause visibly smooth water surfaces to 

become rippled, which can give it a rougher appearance in addition to reducing the clarity of 

reflections on the water surface. Wind may also introduce subtle camera movements which in 

some image processing algorithms would need to be compensated for using image registration 

like Ansari (2016). Reflections on smooth water surfaces created by such things as vegetation, 

man-made structures, and clouds can be reduced using a polarized filter at the cost of reduced 

light exposure, but would require rotation of the filter angle to compensate for the continually 

changing orientation of the sun relative to the camera. 

The successful operation of stationary field cameras is also subject to threats introduced by pests 

during long-term deployment. Insects can leave excretions or construct webs that can block the 

cameras view or infiltrate the battery compartment for nesting, potentially damaging the 

electronics. Animals such as birds and small mammals will investigate deployed cameras and can 

damage the camera itself or may chew through the cables of connected peripherals such as 

external battery packs and solar panels. In the cases of cameras deployed in urban environments, 
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there is also a risk of tampering by curious pedestrians with or without criminal intent, which can 

include movement to the cameras point of view, vandalism, and theft. 

To summarize, the successful deployment of a stationary field camera for use in photogrammetry 

should be such that an optimal vantage point is acquired and that all appropriate measures are 

taken to ensure consistency among time-lapse images. This consistency will reduce the overhead 

required in the processing of images and will ultimately ensure that any data that can be 

produced using photogrammetry is of the highest possible quality. 

2.2.2.2 Digital Images and Processing 

Digital images are constructed using a 2-dimensional grid of elements called pixels which each 

have some specified individual or set of intensities. Though human vision is limited to only the 

visible light band of the electromagnetic spectrum, digital images can capture and allow us to 

make observations using others such as the X-ray, infrared, and microwave spectrums. Digital 

image processing encompasses the techniques used to enhance, transform, and otherwise 

quantify data captured by digital images. Digital image processing can also be broken up into the 

sub-fields of computer vision, image processing, and image analysis which are more specialized 

cases of interpreting or enhancing images. The boundaries between these sub-field is often 

debated, but for this literature review the definition declared by Gonzalez & Woods (2002) has 

been adopted. Image processing is defined by Gonzalez & Woods (2002) as any digital process 

where both the input and output is an image, while computer vision is any process that requires 

inferences to be made based on visual input and requires some level of machine learning. Image 
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analysis on the other hand is the task of obtaining some quantitative output from image 

processing, such as determining the histogram of an image, but is not an image itself. 

Before an image can be analyzed, it is often necessary that the image undergo several 

transformations and enhancements before any quantitative data can be extracted. The typical 

product of a digital image processing pipeline is a segmented image that contains only the 

features that are to be measured. In the case of a binary image, it is a simple task to determine 

basic geometric characteristics of identified clusters of pixels or objects such as their area, 

perimeter, eccentricity, or orientation. However, even obtaining just a segmented binary image 

is often not an easy task and can require many procedures such as image registration, 

georectification, miscellaneous image enhancements, and edge or target detection. These 

processes can all be performed using the Image Processing and Computer Vision System 

Toolboxes in MATLAB (MathWorks, 2017) and are discussed in the following sub-sections. 

Image Rectification: 

Image registration and georectification are rectification procedures concerned with obtaining 

consistent and accurate scaling in an image prior to performing any sort of image analysis using 

photogrammetry. Image registration is the process of aligning a set of images to some reference 

image and requires that a landmark be consistently and clearly visible in all of the images. The 

landmarks serve as control points for which the images are aligned and can make it easier for 

regions of interest and disinterest to be constantly defined during image processing algorithm 

development through cropping later. Cropping can be useful for example, if it is desirable for an 

algorithm to ignore the banks of a river above some maximum water elevation and they remain 
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in the same pixel coordinates over the entire image series after registration. Figure 2-8 

demonstrates the registration of a pair of photos taken in the Hydraulics Research & Testing 

Facility Laboratory at the University of Manitoba.  

      

Figure 2-8: Registration of laboratory photographs (a & b as input, c as output) 

Georectification is used to translate an oblique image into a plan-view like image by assigning 

geographical coordinates to its pixels and manipulating the image using geometric and 

polynomial transformations. A MATLAB package for georectifying oblique digital images provided 

by Bourgault et al. (2017) is hosted freely on GitLab and was used in the methodology of this 

research. A negative side-effect of this type of transformation however, is the distortion and 

resolution loss that occurs on the more distant subjects in the image. These resolution losses can 

be seen to some degree in Figure 2-9, where the X’s (red) and O’s (blue) are image (pixel) and 

ground (m) control points respectively.  

(a)                    (b)            (c) 
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Figure 2-9: Georectification example: Hydraulics Research & Testing Facility floor 

Image Enhancement: 

Image enhancement can be valuable tool for highlighting features in an image or removing 

irregularities. Examples of image enhancements include the reduction of noise, improvement of 

contrast on features of interest, and removing gradients from uneven lighting. To compensate 

for low lighting, digital cameras can increase the sensitivity of their image sensor (ISO setting), 

but at the cost of image quality in the form of noise. Fortunately, noise can be removed from 

digital images using techniques such as the median filter (MathWorks, 2017), but can also hide 

details by providing an overly smooth image and thus should be used with discretion.  

The contrast of an image can be improved using techniques such as histogram equalization and 

specification (MathWorks, 2017). Histogram equalization is used to modify the resultant 

histogram such that it is equally distributed across all pixel intensities, while histogram 
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specification aims to conform an image’s histogram to some desired shape. For example, in a 

grayscale image of some subject with a right skewed histogram, there may be details in the dark 

areas of the image that are hard detect due to poor contrast. Using histogram equalization, the 

skew can be flattened, giving greater contrast between the features in the image and bringing 

out details that may have been previously hidden to the naked eye in the original image. 

Alternatively, a local or adaptive histogram equalization can also be utilized. Similar to histogram 

equalization, adaptive histogram equalization aims to improve the overall contrast of an image, 

but is accomplished by performing histogram equalization in multiple smaller regions of the 

image and aggregating the results. The result of adaptive histogram equalization is similar to that 

of regular histogram equalization, except that it can be used in an attempt to remove natural 

light gradients that may extend across an image as illustrated in Figure 2-10 using the MATLAB 

2017a function “adapthisteq”. 

         

Figure 2-10: Before (left) and after (right) adaptive histogram equalization to improve image contrast 

Image Segmentation: 

As mentioned previously, the segmentation of features in an image is not an easy task but can 

be performed in several ways. The two examples of segmentation provided next are the 

commonly used method of thresholding and the often more complicated and computationally 
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intensive method of edge and target detection (MathWorks, 2017). The concept of thresholding 

is simple, but in practice, can be difficult to perform reliably. Thresholding defines some reference 

pixel intensity (the threshold) in a single channel of an image and sets all pixel intensities 

inclusively above and below it to 1 and 0 respectively (white and black) giving the user a binary 

image. An example of the input and output for a thresholding operation applied to a grayscale 

image with a uint8 pixel intensity of 153 in MATLAB 2017a using the “imbinarize” function is given 

in Figure 2-11. For image sets with consistent bimodal histograms, simple thresholding may be 

an adequate method for segmentation. However, for images with inconsistent lighting or other 

variables that interfere with achieving singular threshold values, locally adaptive thresholding 

may be an appropriate alternative. In locally adaptive thresholding, the local mean intensity 

surrounding each pixel is considered to identify features with highly contrasting edges.  

         

Figure 2-11: Before (left) and after (right) simple thresholding (uint8 threshold of 153) to segment text 

Another form of segmentation is by using edge and target detection. Once an image has been 

enhanced to a level deemed necessary, the edges of elements in an image can be detected using 

methods such as the Sobel, Prewitt, Roberts, or Canny methods, which all return a binary image 

(MathWorks, 2017). The Canny method detects edges in an image subject to some user selected 
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pixel intensity gradient threshold and a Gaussian filter standard deviation. These parameters 

determine how sensitive the function is to detecting edges and how smooth the edges will be 

drawn in the resulting binary image respectfully (a lower threshold will return more edges and a 

higher standard deviation will result in smoother edges in the output binary image). An example 

of Canny edge detection performed in MATLAB 2017a using the “edge” function with a threshold 

of 0.175 and sigma value of 2 applied to a group of crates is presented in Figure 2-12. 

         

Figure 2-12: Before (left) and after (right) canny edge detection (threshold = 0.175, sigma = 2) to segment crates 

Depending on the characteristics of the subject, segmentation can be said to be complete 

immediately after thresholding or edge detection, but the detection of unwanted edges is 

possible. In such cases, binary image property filtering can be used to remove unwanted objects 

of user defined areas, orientations, eccentricities, and other definable binary object properties 

(MathWorks, 2017). For example, the speckled areas in Figure 2-12 could be reliably removed by 

filtering out all binary objects that are of below a specified pixel area. Furthermore, target 

detection can be utilized to identify user provided shapes and patterns in a binary image. One 

form of target detection reads a user provided template binary image which is then iteratively 

scaled, rotated, and panned over the analyzed image to find the most intersecting (best 
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matching) configuration of transformations. Using the spatial information obtained by target 

detection, the object or objects in the image can be easily isolated and segmented. This type of 

target detection was introduced by Ballard (1981) and is called a Generalized Hough Transform 

(GHT). One of the compromises of using a GHT however is the large computational budget that 

it requires relative to thresholding as a result of all the transformation configurations that need 

to be checked. A brute force GHT would try every possible combination of target scale, rotation, 

and location superimposed over the original image to find the best match. 

Once a binary image has been segmented it becomes a simple task to determine the properties 

of the subject. Objects can be identified as discrete clusters of pixels in the image and the 

properties of each object can be returned using relatively simple functions in MATLAB. These 

functions are the same as those mentioned earlier which can be used to filter out binary objects 

with particular properties. Here, these functions can instead be used to report the geometric 

properties to the user and if photogrammetry was properly realized earlier in the methodology, 

be directly translated into physical dimensions. 

2.2.2.3 Computer Vision and Machine Learning 

Computer vision is the automation of tasks thought to require human vision and judgement to 

complete (Gonzalez & Woods, 2002). In the cases where computer vision is incorporated into 

digital image processing, some level of machine learning is necessary to train computer 

algorithms to recognize or locate desired features in an image. One such example of using 

machine learning to assist in digital image processing would be the automated classification of 

day and night images without considering the actual time of day. This task can be completed by 
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offering an image classifier function a supervised sample of training images and then using the 

trained image classifier to classify images not included in the training set (MathWorks, 2017). A 

similar process could be extended to the identification and classification of other image features 

such as visually obstructive blowing snow or specified ice patterns such as striations on border 

ice. This type of automated image classification can eliminate the need for the labourious manual 

sorting of images that some digital image processing algorithms require. However, this type of 

digital image processing has yet to be utilized in a river ice monitoring study. 

Optimization: 

An optimization problem can be defined as a mathematical function whose value should be 

minimized or maximized (Chapra, 2011). In practice, this relationship is often an abstraction of 

the real world, but can also be based on a theoretical problem. The basic building blocks of an 

optimization problem are decision variables, constraints, and the objective function or functions. 

The goal set forth by an optimization problem is defined through the objective function; a 

function of the decision variables whose value is to be minimized or maximized. As an example, 

Equation ( 2-1 ) demonstrates that Z should be minimized and is defined by some function of 

decision variables X. 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑍,   𝑍 =  𝑓(𝑋) ( 2-1 ) 

Although not a requirement, optimization problems will most often have a number of constraints 

in place which can become violated for particular configurations of the decision variables. 

Constraints can be defined explicitly from the decision variables, but depending on the 

complexity of the model, may also be indirectly related to a constraint through some other 
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relationship. For example, if a decision variable is the flow of water through a hydraulic control 

structure, a constraint may be the lower and upper bounds to the allowable flow through it. On 

the other hand, a constraint could also be placed on the elevation of an upstream lake. Although 

not directly related to the flow through the control structure, a relationship likely exists between 

the flow and upstream elevation, and thus will be affected by the optimizers assignment of the 

decision variable. The statements in ( 2-2 ) demonstrate the form that some constraints may take 

as an example, where a, b, c, and d are constants. 

𝑋1 > 𝑎,               𝑋2 =  𝑋1
𝑏 ,              𝑐 ≤ 𝑋3 ≤  𝑑 ( 2-2 ) 

Constraints can also be divided into hard constrains and soft constraints (Chapra, 2011). Where 

there exists a hard constraint, an optimization problem should not violate the boundary at all. 

However, in the case of a soft constraint, the constraint can be violated, but not without some 

penalty to the objective function. By using both types of constraints when appropriate, more 

control can be given through the formulation of an optimization problem.  

In a basic sense, the feasibility of a solution can be determined quickly by ensuring that no 

constraint in an optimization problem is violated. In general, for a solution to be accepted, it 

should not only produce a minimized or maximized value for the objective function, but also 

maintain feasibility. Although any solutions in the feasible region can be declared as candidate 

solutions, only 1 point within this region may be a global optimal. Depending on the problem at 

hand, there can be multiple optimal solutions where the best of these solutions is the global 

optimal solution, and the remaining are local optimal solutions. Figure 2-13 describes the 

concepts graphically, where X is a single decision variable, Z is the response of the objective 
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function being maximized, and Ci are constraints (C2 overlays the X-axis); there may be multiple 

peaks and valleys in the plot.  

 

Figure 2-13: Illustration of global and local optimum solutions and the feasible region 

Gradient-based optimization algorithms are very likely to find just one of these peaks or valleys 

and declare it as the optimal solution, when in fact, another peak or valley somewhere else in 

the feasible region may be better. This phenomenon can often be manipulated by altering the 

initial values given to the decision variables prior to running the algorithm, so that it may find 

alternative optimum solutions. As one can imagine, the more complicated the problem 

formulation, the more difficult it may be to find the global optimal solution. 

The following sub-sections provide a simplistic description on how two of the optimization 

algorithms investigated in this research function. Despite their functional complexities, these 

optimization algorithms can be utilized in MATLAB 2017a using the Statistics and Machine 

Learning Toolbox relatively easily, provided that the basic building blocks of the optimization 

problem as described in this section have been defined (objective function, decision variables, 

and constraints). 

Constraint C1 Constraint C3 

Constraint C2 
Feasible Region 

Z 
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Genetic Algorithm: 

Classified under the category of evolutionary algorithms, the genetic algorithm is a popular 

method of optimization that has been inspired by nature and uses principals taken from biology 

(Mitchell, 1999). The procedure employed by this algorithm is not overly complex and yet, can 

yield diverse solution sets that are produced using the concepts of selection, crossover, and 

mutation. The first step in the genetic algorithm is to generate an initial population of solutions 

by randomly assigning values to the decision variables in the optimization problem. Increasing 

the population size can improve the quality of solutions by improving diversity, but can also 

increase the number of computations required per iteration of the solution set (generation). 

After a population has been generated, parents from the population need to be selected to 

generate children solutions (using crossover) that will be used in the next generation. 

Probabilistic methods are used to determine a set of best parent solutions in the given 

optimization problem and the most favourable opportunity to reproduce is provided to the best 

solutions. However, due to the probabilistic nature of the algorithm, the opportunity for weaker 

solutions to be carried forward is not completely lost. In this way, good solutions will be the 

primary contributors to a set of children solutions, but diversity is maintained by having weaker 

solutions take part as well. 

During crossover, two randomly selected parents have values from within their bit strings 

swapped (binary strings defining their decision variables). This swapping of information allows a 

new child solution to be created that is generated from existing solutions and helps the genetic 

algorithm to converge towards an optimal solution. Unfortunately, since crossover creates new 
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solutions based only on previously realized solutions, it can sometimes be naïve to consider 

crossover alone since potential configurations for the decision variables may be lost during 

selection. Mutation helps alleviate this potential loss of diversity by randomly modifying parents 

who were selected, but not chosen for crossover.  

This procedure is carried out over a number of user specified generations or until the algorithm 

reaches a stopping criteria. A typical stopping criteria may be that over several generations there 

is only marginal to no improvement in the best solution in the population after a series of 

generations. 

Particle Swarm Optimization: 

Similar to the Genetic Algorithm, Particle Swarm Optimization is a relatively simple evolutionary 

algorithm that iterates through populations of solutions to converge on some optimum solution 

(MathWorks, 2017). The inspiration for this algorithm is again taken from nature, but in this case, 

attempts to simulate the behavior of a swarm of insects or flock of birds. 

The algorithm first requires that some initial solution population size be defined for a swarm and 

is then used to determine how many randomly generated solutions with fill the decision space. 

At each iteration, the solutions in the swarm will then translate through the decision space at 

some velocity in an attempt to reach current known optimal solution or location it has found 

through any past iterations. As the swarm of solutions updates over a series of iterations, the 

population will begin to swarm over a single or small number of locations in the decision space, 

representing convergence to optimal solutions.  The stopping criteria in this algorithm again can 
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be defined by the number of iterations to make or if only marginal to no improvement is made 

after a series of iterations. 

2.2.3 Applications of Photography and Photogrammetry 

The following sections discuss some recent applications of photographic and photogrammetric 

data collection and analysis in river ice engineering. Digital image processing methods have been 

utilized in both the lab and field to measure frazil ice properties, however, the application of 

image processing for the physical quantification of other ice characteristics is limited. Although 

the use of ground-based time-lapse cameras in river ice monitoring is becoming more common, 

a significant number of applications have only been to qualitatively assess observed ice 

processes. Fortunately, researchers such as Bourgault (2008) and Ansari (2016) are paving the 

way for more frequent inclusion of sound photogrammetric practices into river ice monitoring 

programs using ground-based imagery to determine parameters such as surface ice 

concentration and distribution. 

2.2.3.1 Digital Image Processing of Frazil Ice 

The processing of digital images taken in the field is a relatively recent endeavour in river ice 

monitoring studies, its use in the laboratory has a lengthier history. In particular, digital image 

processing has been paramount in the study of frazil characterization, formation, and evolution. 

In the study by Doering & Morris (2003), the generation of frazil ice was monitored in a counter-

rotating flume using a cross polarized light technique to visually isolate frazil ice and determine 

their temporal and spatial characteristics. An image processing algorithm was developed to 

segment frazil ice using a locally adaptive thresholding method, which worked well in the 
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laboratory setting due to the cross polarized light configuration. Scratches in the panels of the 

counter-rotating flume were visible in all images, but were removed easily through image 

subtraction using a reference image without any frazil prior to beginning the experiment. Image 

registration was not required for simple image subtraction in the lab setting as no environmental 

conditions caused the camera to move. Morphological image processing operations such as 

erosion and dilation were used to clean up objects in the binary images after thresholding and 

before analysis. 

The research performed by Doering & Morris (2003) was continued by Clark (2006) who 

investigated the effects of various thermal and hydraulic parameters on the formation and 

evolution of frazil ice. This research was again carried out in a counter-rotating flume and utilized 

digital image processing to analyze a time series of frazil ice photos. Owing to the differences in 

testing methodology used by Clark (2006), multiple image processing algorithms were developed 

to complete the study. The first was a region growing method which used two separate 

thresholds to combine regions belonging to singular and significant frazil particles, while 

discarding less visible ones. The second method was developed because tests with more evenly 

distributed frazil particles in the flume caused distant particles to be out of focus, thus causing 

the previous algorithm to produce inaccurate results (out of focus particles made detection 

difficult and their distance from the camera would have affected proper measurement of physical 

dimensions using photogrammetry). The new method was developed using Canny edge 

detection and was used to successfully ignore blurred frazil particles due to a softer pixel intensity 

gradient at their edges. 
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The idea of monitoring frazil ice particles using cross polarized light was taken to its next logical 

stage by McFarlane et al. (2015) who built an apparatus that was deployable in the field dubbed 

the Frazil Cam. The digital image processing algorithm used in this study was the same used in 

McFarlane et al. (2014), which in turn was inspired by Clark (2006). In this study, a DSLR camera 

placed in a waterproof housing, an incident light, and set of square polarizing filters were 

mounted inside of a PVC frame. Though as one would expect, bringing any type of research from 

the lab into the field can introduce many challenges. Such challenges included determining the 

timing of ice formation events on the North Saskatchewan, Peace, and Kananaskis Rivers as well 

as frazil accretion on the apparatus itself, which made regions of some captured images unusable. 

Despite these challenges, the apparatus and algorithm developed served the researchers well to 

successfully measure the size distribution of frazil ice particles in the field. 

2.2.3.2 Qualitative Assessments using Photography 

Despite the promise that photogrammetry and digital image processing can offer the field of river 

ice monitoring, the use of photography to qualitatively assess ice processes is still a valuable 

resource. Ground level or low altitude aerial photography is particularly useful as a tool to 

validate the images captured by radar satellite systems and for obtaining the timing of ice 

formation events, their locations, and characteristics. Studies such as the ones carried out by 

Beltaos & Carter (2009), Malenchak et al. (2008), Vuyovich et al. (2009), Das et al. (2015a), and 

Clark & Wall (2016) are good demonstrations of how photography can supplement more 

quantitative data collection tools. 
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A river ice field monitoring program was initiated on the lower Peace River in Alberta, Canada by 

Beltaos & Carter (2009) between 1999-2003 and 2007 with a focus on ice breakup and jamming. 

Though no stationary trail cameras were utilized in this study, photographs taken during a low 

flying aerial survey were used to determine an ice jam location in addition to providing the 

researchers with a record of its qualitative characteristics. The determined ice jam location was 

later utilized by a boat crew to survey the ice stages. Similarly, Malenchak et al. (2008) utilized 

aerial photography to monitor ice conditions on the Lower Nelson River. In this case, the aerial 

photography was used to validate growth patterns of border ice produced using CRISSP2D. 

The 2013-2014 freeze-up and ice cover progression on the Slave River in the Northwest 

Territories, Canada, was monitored by Das et al. (2015a). In this study, both RADARSAT-2 and 

stationary ground level cameras were incorporated into the field monitoring program. The 

strength of returned C-band microwave signals sent by radar satellites (backscatter), was used as 

a metric to determine the location of the ice cover front in addition to the classification of ice 

types and thicknesses. However, due to the uncertainty involved in RADARSAT-2 backscatter 

results, Moultrie D-333 cameras played an important role in providing ground truth and 

validating the results of the utilized ice classification model. 

Monitoring of the Dauphin River in Manitoba, Canada, began in 2014 by Clark & Wall (2016) using 

both stationary time-lapse cameras and intermittent aerial drone imagery to supplement water 

level and temperature loggers as well as several other meteorological data collection devices 

(this research is ongoing). While at the time of writing, the time-lapse cameras in this study have 

simply been used to monitor the timing of freeze-up events, the authors propose using their 
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cameras in the future to estimate surface ice concentrations to help relate various observed 

freeze-up processes. Drone captured imagery was used to help provide scale and perspective to 

trail camera locations, where the obliquity of their images failed to illustrate elevation differences 

present on the ice cover. 

2.2.3.3 Stationary Field Camera Photogrammetry 

The use of stationary field cameras to perform photogrammetry, while becoming more common, 

is still only sparsely used in the collection of data in river ice monitoring projects. Though 

photogrammetry is defined to involve the measurement of physical distances between objects 

in a photo, some leeway to this definition has been given in this section to include literature 

which may not have otherwise fit. That is, some of these studies have used pseudo-

photogrammetry to determine measurements of percent ice cover and surface ice 

concentrations without rectification, but were performed to produce reasonable estimates 

respective to their applications. 

The Lawrence River near Quebec City, Canada, was monitored by Bourgault (2008) for changes 

in ice distribution that are influenced by tidal currents in the area. At the time of publication, 

remote sensing and expensive aerial surveys were used to develop river ice reports which inform 

relevant professionals of the characteristics of these ice formations. Using a procedure involving 

11 physically surveyed ground control points and mapping them to corresponding image control 

points from time-series photographs, georectification was performed. The results, though not as 

detailed as those that could be obtained using the currently practiced aerial surveys and remote 

sensing, offered an option not previously accessible. Using the georectified photos, effective and 
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efficient surveys of the study area were achieved using stationary cameras at a fraction of the 

cost required by its alternatives. As mentioned previously, an inherent flaw with the 

georectification seen in this study is the loss in resolution attained when rectifying subjects 

further from the camera. For example, the range in resolution provided by photogrammetry in 

this study was anywhere from less than 1 m per pixel to more than 600 m per pixel. 

Two remotely configurable stationary cameras were deployed by Vuyovich et al. (2009) over the 

2000-2003 winters at the confluence of the Allegheny River and Oil Creek in Oil City, 

Pennsylvania. The cameras were configured to capture hourly images from 7am-6pm, but had 

their image capture frequency increased to 1 picture per half hour once an ice coverage of 

approximately 85% was detected by the research group. A manual analysis of the images in this 

study was performed to determine the percent river ice coverage in each image, in addition to 

one of four proposed ice type classifications: stationary ice cover, frazil ice, brash ice, and open 

lead formation. Both datasets acquired from the time-lapse photo series were determined by 

visual inspection, including the percent ice coverage, which suggests that a detailed 

photogrammetric procedure was not followed. Despite a use of pseudo-photogrammetry, some 

of the presented ice coverage data illustrates a perceived precision in ice coverage 

measurements of around 1-2%. 

Ice jam releases were monitored by Nafziger et al. (2016) during the winters of 2011 and 2013 

on the Hay River in the Northwest Territories to show that a water wave and ice run travel at 

differing celerities. A variety of different stationary cameras were installed along the study reach 

and were used to determine ice conditions as well as surface ice concentration. The oblique 
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photographs taken by stationary cameras were used to estimate surface ice concentration, but 

observations were rounded to the nearest 10% to account for uncertainty in lieu of a 

photogrammetric procedure. These concentrations were then used to help relate various 

recorded river stages to the apparent ice conditions observed during ice jams and releases. 

A digital image processing algorithm was developed by Ansari (2016) to automatically detect the 

area of river covered in ice and to determine border ice growth and recession rates. Two 

stationary ground level cameras were placed on the Lower Nelson River for the winters of 2012-

2015 and were configured to take pictures at a rate of 1 picture per half an hour. The developed 

algorithm utilized a number of the image processing techniques presented in Section 2.2.2.2, 

including image registration (assisted using Canny edge detection), georectification, and locally 

adaptive thresholding. To improve the algorithms performance, date and time of day for taken 

photos were utilized to calibrate parameters such as the thresholding sensitivity. Of particular 

interest in the georectification procedure performed by Ansari (2016) was that it was performed 

dynamically based on a given water surface elevation. That is, georectified images for higher 

water elevations would give an appropriately higher physical dimension to pixel ratio (as the 

water surface is closer to the camera), thus improving the accuracy of the photogrammetric 

analysis. 

2.2.4 Emerging Technology and Applications 

While performing photogrammetry using simple stationary cameras to monitor river ice 

processes is a relatively recent area of research, new tools are still being explored to enhance 

data collection practices. Cutting edge technologies that may supplement some of the short 
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comings of stationary cameras are unmanned aerial vehicles (UAVs), 3D laser scanners, and the 

ever-increasing processing power of modern computing. The following sections discuss some of 

the current uses of these technologies in various fields to help identify potential applications in 

river ice engineering. 

2.2.4.1 Unmanned Aerial Vehicles 

UAVs (also known as drones) provide an opportunity to collect photographic data from a vantage 

point previously obtainable only by aircraft which requires an onboard pilot. As was discussed in 

Section 1.1, field monitoring of river ice processes can be a dangerous proposition and the use of 

UAVs can limit the required exposure of dangerous environments to researchers. Commercially 

available UAVs may represent a paradigm shift in photographic and photogrammetric data 

collection for river ice monitoring owing, not only to their affordability and accessibility, but also 

due to their potential for autonomy. Although the studies discussed below demonstrate only 

supervised autonomous UAV flights over rivers, permanently stationed UAVs with frequent 

unsupervised flights for data collection remains a possibility in the future to improve data 

frequency using UAVs (in other words, the automated acquisition of sub-daily aerial orthophotos 

of river ice formation). Although not over a body of water, the use of UAVs to capture digital 

surface models during the winter has also been demonstrated by Harder et al. (2016) to be viable 

when visual occlusion of the ground surface by vegetation is minimized. 

The performance of UAV based photogrammetry of river morphology on the Jyoge River in 

Hiroshima Prefecture, Japan, was evaluated by Watanabe & Kawahara (2016). Images were 

captured using an UAV flying at 100 m above ground with a 90% forward and 50-60% lateral 
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overlap and post processed using the software, Pix4D, to develop river cross sections. A real time 

kinetic global positioning system (RTK-GPS) and total station were used to define ground control 

points and as a basis for performance evaluation over a series of UAV flights. Limitations of this 

study included the inability to capture river morphology under the present water surface as well 

as photogrammetric error associated with areas of tall vegetation. However, it was discovered 

that the maximum elevation error using the methods in this study was just 4 cm. The level of 

accuracy and ease of use demonstrated by UAV photogrammetry in this study shows that it is an 

enticing alternative to the manual survey of river banks using traditional surveying equipment, 

where time and mobility factors may limit measurement frequency and density along a study 

reach. 

UAV based drone photogrammetry was used in Niedzielski et al. (2016) to determine a 

relationship between calculated water surface area and elevation on the Ścinawka River in 

Poland. The study was performed over 3 years between 2012-2014 with a UAV flight height of 

109 m and sufficient photo overlap to develop orthophotomaps using the structure-from-motion 

algorithm in Photoscan by AgiSoft. Dissimilar from Watanabe & Kawahara’s (2016) research, 

Niedzielski et al. (2016) opted to forgo the use of ground control points in Photoscan as the 

authors believed that their effect on surface area calculation would be negligible. Additionally, 

due to the presence of overhanging vegetation and undercut river banks, riverbank-water 

interfaces were interpolated in affected banks to compensate for reduced area calculations.  The 

data acquired in this study showed that the detection of water level changes using UAV 

photogrammetry was statistically significant between characteristic water levels for the river 
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(low, mean, and high stages) and demonstrates further applicability for this type of UAV 

photogrammetry in water resources engineering. 

2.2.4.2 Advanced 3D Laser Scanning 

Commercially available 3D laser scanners are quickly becoming more accessible and allow their 

users to quickly and accurately digitize physical environments. Though the potential uses for 3D 

laser scanners are quite varied, their use is typically limited to civil engineering and architectural 

projects due to upfront costs that are prohibitive to smaller businesses and hobbyists. Examples 

of such uses include precise monitoring of excavations and structures during construction, post-

construction inspection and analysis, and the securing of historically significant buildings or sites 

through digitization.  

The Faro Focus line of 3D laser scanners (FARO®, 2017) are an example of terrestrial scanners 

which can aggregate accurately scanned point cloud data and 360˚ panoramic photographs. The 

scanners in the Focus series offer spherical 3D scans with ranges of up to 350 m (radius), accuracy 

of up to ± 1 mm, and up to 165-megapixel high dynamic range image overlays (prevents poor 

image acquisition quality in scenarios that would otherwise show signs of being over and under 

exposed). Harnessing the abilities of this type of equipment removes the guesswork and 

potentially error prone requirements of photogrammetry using simple digital cameras. On the 

other hand, the principals by which 3D laser scanners operate may prevent the use of these 

devices in some environments. In particular, these scanners can have difficulties or fail to identify 

surfaces that are reflective or transparent. Unfortunately, in the context of river ice engineering, 
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this limitation may disallow the use of 3D laser scanners in many scenarios as these are surface 

properties that can be used to describe water, snow, and ice. 

Though the use of 3D laser scanners in river ice monitoring remains untested in the published 

literature, the use of such equipment may enable the collection of datasets that would have 

previously been a pipe dream. Such examples include capturing millimeter accurate three-

dimensional records of river ice cover formations, ice cover volumes, and a physical 

quantification of ice jam roughnesses. Despite the potential complications, there are perhaps 

methods which could be employed to assist the acquisition of these datasets. As an example, for 

a series of proposed 3D scans of river ice formation in a mostly clay channel, ice may be too 

reflective and refractive to return a usable signal and the transparency of open water may simply 

absorb the signal. It may be possible in this scenario to manipulate the given conditions by coating 

the river ice with an environmentally safe substance such as dried clay powder extracted nearby 

from the same river, immediately prior to taking a scan. In this scenario, the clay coating would 

enable a return signal to capture ice formation and water could be interpreted as any gaps in the 

point cloud between the measured ice surfaces. 

2.2.4.3 Image Processing Algorithms 

It should come as no surprise that the processing capabilities of consumer and commercial grade 

computers are continuing to advance year by year. For digital image processing, these increases 

in computational budget can enable quicker development of more complicated algorithms using 

higher resolution images and more comprehensive calibration exercises. As it stands, a strict 

balance between computational requirements and available resources needs to be struck during 
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the development of an image processing algorithm. However, it is certainly the case that modern 

technology has enabled studies such as Bourgault (2008) and Ansari’s (2016) to reach levels of 

spatial resolution not possible during previous efforts such as Holland et al. (1997) and Pawlowicz 

(2003), where at worst Super-VHS tapes were used as an image recording medium.  

With increased computer performance, compromises such as the capture of low resolution 

images will become less common. In the study by Ansari (2016) for example, an image resolution 

of only 720P was utilized, despite their cameras being capable of shooting up to 5.5 times that 

resolution (Campbell Scientific, 2017). As a result of the concepts employed in photogrammetry, 

the precision of a single pixel can result in marginal or significant error. For example, in 

Bourgault’s (2008) implementation, a pixel displaying some distant subjects could be translated 

to over 600 m physically. While in photogrammetry accuracy can be determined first as a pixel 

accuracy, the physical accuracy needs to be considered. When at best, an image processing 

algorithm can be pixel perfect; the precision of measured pixels may only be increased with 

increased image resolution and thus, utilizing high resolution photos is ideal. 

Another aspect of image processing algorithm development that may be improved with 

increased computational budgets is the adoption of more comprehensive calibration exercises. 

It can often be a tedious task for a developer to determine the optimal values of image processing 

parameters such as the pixel intensity threshold in thresholding or the threshold and sigma used 

in Canny edge detection. This can be particularly true if the algorithm requires modifications that 

depend on the time of day or other influences on photo characteristics. However, if the developer 

has a set of manually determined image processing results to train with, optimization algorithms 
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such as the genetic algorithm, particle swarm, and even more complex multi-objective algorithms 

such as the Non-Dominated Sorting Genetic Algorithm III (Deb & Jain, 2014) may be utilized. 

Though this type of calibration can take many hours or even days to produce desirable results, it 

requires little to no human intervention, which is extremely desirable. 

2.3 Border Ice Prediction Methods 

Presently, a number of empirical methods have been developed to predict the growth of border 

ice using data that can be collected in the field. Some of these methods include the ones 

developed by Newbury (1968), Michel (1984), and Miles (1993). Although the results of the 

methods developed show promise in the studies for which they were developed, the variety of 

required field data and site-specific calibration of empirical coefficients required for each, has 

made comparing these methods difficult in the past. The mentioned empirical methods are 

presented in the order of their inception in this section. 

Newbury (1968): 

The Newbury method was developed based on border ice observations on the Nelson River 

which relates cumulative border ice width (W) to the number of boundaries that border ice can 

form at (ni), net heat exchange (q) and an empirically derived adhesion parameter (m).  

Equation ( 2-3 ) describes the relationship between these parameters. 

𝑊 =
𝑚𝑛𝑖

2
∑ 𝑞 ( 2-3 ) 

The adhesion parameter can be calculated as a function of the cross-sectional area of the flow 

(A), water surface slope (Sw) and 2 coefficients which have been calibrated to the dataset 
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Newbury collected on the Nelson River (b1 & b2), but can recalibrated for other sites if necessary. 

The calculation of this parameter can be performed using Equation ( 2-4 ). 

𝑚 =
𝑏1

(𝐴𝑆𝑤)𝑏2
 ( 2-4 ) 

Michel et al. (1982): 

Michel et al. developed a method which was validated using a dataset collected on the St. Anne 

River, which relates the growth of border ice to heat exchange at the water surface, surface water 

velocity, and surface ice concentration. An equation was produced using dimensional analysis to 

make incremental border ice growth (ΔW) a function of a dimensionless border ice number (Ro), 

heat loss per unit area (Δφ), the density of water (ρ) and the latent heat of fusion of ice (λ). The 

produced equation is shown below in Equation ( 2-5 ). 

𝛥𝑊 =
𝑅𝑜𝛥𝜙

𝜌𝜆
 ( 2-5 ) 

The dimensionless border ice number is used to characterize the border ice growth, given the 

magnitude of heat exchange. Hence, the dimensionless border ice number can be calculated 

using Equation ( 2-6 ) as a function of surface ice concentration (N), the local water surface 

velocity at a border ice growth site (Vs), and the maximum observed velocity for frazil 

accumulation (Vc), which is assumed to be 1.2 m/s. 

𝑅𝑜 =
14.1𝑁1.08

(
𝑉𝑠

𝑉𝑐
)

0.93  ( 2-6 ) 
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Finally, as a simplification, the heat loss per unit area may be simplified using a relationship 

between a heat exchange coefficient (s) and the measured number of degree-days of freezing 

(ΔS) as shown in in Equation ( 2-7 ). 

𝛥𝜙 = 𝑘𝛥𝑆 ( 2-7 ) 

Miles (1993): 

By combining the concepts employed by the methods developed by Newbury (1968) and Michel 

et al (1982), as well as the considerations of Matousek (1984), Miles developed 2 expressions for 

predicting border ice growth. The first method was coined as the modified Newbury model, 

which relates cumulative border ice width (W) to the average flow velocity in the cross-section 

(Vavg), cumulative degree-days of freezing (S) and 2 empirically derived coefficients (b3 & b4) as 

shown in Equation ( 2-8 ). 

𝑊 =
𝑏3𝑆

(𝑉𝑎𝑣𝑔)
𝑏4

 ( 2-8 ) 

The second method relates the change in border ice width using the same influences as the first 

in addition to the ice-covered fraction of the cross-section (PI) and 3 empirically derived 

coefficients (zo, z1, & z2), instead of 2, like in the original Newbury equation. From the data 

collected in Miles’ study, it was found that the average flow velocity was not correlated well and 

hence, was omitted from the equation by setting z2 = 0. This relationship is demonstrated in 

Equation ( 2-9 ). 
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𝛥𝑊 =
𝑧𝑜(1 − 𝑃𝐼)𝑧1∆𝑆

(𝑉𝑎𝑣𝑔)
𝑧2

 ( 2-9 ) 

2.4 River Ice Models 

The following section provides a non-comprehensive list of simulation software currently in use 

to model river ice and highlights some of their capabilities and data requirements. Although none 

of the models in this section have been utilized in the analysis of this thesis, an introductory 

discussion to some of the alternatives of CRISSP2D supports its use and further development as 

a comprehensive river ice simulation model. Perhaps the most noteworthy point from these 

discussions is that of the existing river ice models in the literature, those that maintain a 

somewhat comprehensive list of modeled ice processes are only one-dimensional. Considering 

the complicated nature of ice processes, it stands to reason that the natural evolution to 

modeling these processes more accurately requires increased dimensionality. Further 

information on the CRISSP2D model, which is used in the analysis of this thesis, can be found in 

Section 3.1.2, which provides background information for its implementation in an ice simulation 

model on the Assiniboine River detailed in Section 3.2.3. 

RIVICE: 

RIVICE is an open source one-dimensional model solved with an implicit finite difference scheme 

using Manning’s equation to provide closure for momentum and continuity in Saint Venant 

equations (Lindenschmidt, 2017). Although primarily used predict the flooding impacts of frazil 

ice generation, ice front progression, and jam formation, the formation of an ice-cover using 

RIVICE requires either a user specified cross section to initiate a jam or be located where border 
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ice has bridged during a simulation. RIVICE models the growth of border ice through the 

definition of a maximum growth width and either specified simulation time to achieve maximum 

growth or by using empirical relationships between border ice growth and the degree-days-of-

freezing or flow velocity and heat flux. Because a thermal module has yet to be implemented and 

the thickness of border ice is user defined, the model is inappropriate for the assessment of river 

hydraulics subject to thermally driven ice formations. Future developments for RIVICE include 

the coupling of a two-dimensional storage cell floodplain model that will provide a simulation of 

the exchange between river channel and floodplain flows. 

MIKE11-ICE: 

Similar to RIVICE, MIKE-ICE (an add-on to MIKE11) performs open channel hydraulic simulations 

using one-dimensional nonlinear St. Venant equations (Danish Hydraulics Institute, 2018). Unlike 

RIVICE however, MIKE11 is proprietary software and requires the purchasing of a license to use, 

but can model several processes other than ice such as sediment transport. At each spatial and 

temporal discretization in a MIKE-ICE model, an energy balance is performed to determine the 

heat flux in the river, which drives frazil ice and pan generation, border ice growth/recession, and 

ice thickness evolution  (Thériault, Saucet, & Taha, 2010). The growth of border ice is also related 

to local flow velocity, which is empirically derived from the depth averaged velocity. Border ice 

growth can then be limited in the extents of its growth using a critical flow velocity, which is 

correlated with the heat flux (critical velocity increases during colder time-steps). The progression 

of the leading edge of an ice cover is modeled taking into consideration the deposition or 

juxtaposition of generated ice pans and under ice transport (which can be further used to model 
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hanging ice dams). The hydraulic resistance from modeled thermal ice covers and ice jams can 

then be used to predict increases in upstream water elevations or flooding. 

River 2D: 

River 2D is a freeware two-dimensional model using depth averaged finite element 

hydrodynamics (Navier-Stokes) and is used in conjunction with several supplemental programs 

that are primarily well suited for fish habitat studies (University of Alberta, 2018). R2D_Bed and 

R2D_Ice are used to edit topographic data to be used in hydrodynamic and ice related simulations 

and the R2D_Mesh module is used to convert topographic data developed with the bed and ice 

programs into computational meshes that are compatible with River2D. Topographic river ice 

data consists of river ice covers of known geometry and properties such as ice thickness and 

roughness to be used at nodes within the mesh. Thus with the modules available to River2D, it 

cannot be used to model river ice formation and breakup events, but can be used to model the 

hydrodynamics under a known competent or partial ice cover. 

Other existing ice simulation models with similar modeling capabilities not covered include: 

• ICEDYN 

• HEC-RAS 

• ICEJAM 

• ICEPRO 

• ICESIM 

• RICEN 

• River 1D 

• RIVJAM 

• VARY-ICE 
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3 Methodology 

The following sections provide a comprehensive inventory and discussion of the materials and 

methods required to perform the work presented in this thesis. As such, this information should 

provide all of the necessary resources to establish an equal or improved research program in the 

monitoring and modeling of river ice formation processes as well as river ice image processing 

algorithm development. 

3.1 Materials 

The materials utilized in this research can be divided into 2 categories. The first category includes 

all of the equipment and hardware used in the collection of data, while the second category 

covers the software required to process that data. All materials and software were provided for 

this thesis by the Hydraulics Research & Testing Facility at the University of Manitoba and its 

collaborators. 

3.1.1 Equipment and Hardware 

Trail Cameras: 

There are 4 different types of trail cameras that were deployed throughout the duration of 

this study. The cameras used were the Bushnell Trophy Camera Brown (Model 119436), 

Moultrie M1100i Game Camera (Model MCG-12635), Moultrie Panoramic 180i (Model MCG-

13036), and SpyPoint Link-4G Trail Camera (Model LINK-4g). These cameras are small and 

versatile, economic, and can operate for reasonable durations on AA battery power alone, 
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making them a compelling addition to any field monitoring study with a visual 

characterization component.  

There are noteworthy specific features that the Moultrie Panoramic 180i and SpyPoint Link-

4G offer over the other simpler trail cameras, which were simply used to take time-lapse 

photos at a specified time interval. The 180i is capable of shooting 180° panoramic 

photographs by taking photos using 3 individual cameras in a single housing simultaneously, 

which can give a more complete view of the river in some deployment locations. The 180i is 

unlike many other trail cameras with similar functionality, which use a single mechanically 

rotated lens/sensor. These mechanically rotated cameras would likely fail at extreme 

temperatures in addition to introducing a delay between columns of captured pixels in an 

image. A delay in the capture of pixel columns in an image would not be suitable for the 

capture of rivers with moving ice floes without producing visual irregularities. 

The Link-4G on the other hand is capable of cellular transmission with a monthly 

subscription. This gives the camera the ability to transmit photos to a user wirelessly at some 

desired interval and to change the configuration of the camera remotely. Although perhaps 

less beneficial to an urban river ice study, the transmission of photos can better prepare 

researchers to plan the timing of field trips to remote locations or to increase trail camera 

photo frequency at the onset of river ice formation events. It should be noted however, that 

the use of wireless transmission on a trail camera can reduce its battery life and is most 

suitable to a deployment with a constant power source. 
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In addition, a number of accessories were acquired to improve the effectiveness of and 

protect the deployed trail cameras. These accessories include solar panels, external 

rechargeable batteries, and steel security boxes. Solar panels and external rechargeable 

battery packs were deployed with select cameras to enable a higher than normal photo 

capture frequency, in locations without access to continuous direct power sources. Security 

boxes were used to house cameras in urban locations which had the potential to be 

tampered with or stolen. A SpyPoint Link 4G Trail camera housed in a security box and 

deployed on a bridge railing is shown in Figure 3-1. 

        

Figure 3-1: SpyPoint Link 4G trail camera security box and lock mounted to a bridge railing 

A summary of the relevant camera specifications is listed below in Table 3-1 and the cameras 

themselves are shown in Figure 3-2. Battery life for the cameras is not provided, as the 

extreme climatic conditions resulted in inconsistent performance even among identical 

cameras equipped with the same type of batteries. Energizer Ultimate Lithium batteries 

were installed in the freeze-up cameras, which are rated for temperatures as low as -40°C, 

but as noted in Section 2.2.2.1, the temperature rating of some camera electronics is a more 

limiting factor. 
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Table 3-1: Trail camera specifications 

Camera Name Model Resolution 

(Megapixels) 

Batteries  Notable Features 

Bushnell 

Trophy 

119436 8 

(3264x2448) 

8 AA  - Infrared 

 - Motion detection 
 

Moultrie 

M1100i 

MCG-

12635 

12 

(4608x2592) 

8 AA  - Infrared 

 - Motion detection 
 

Moultrie Pano 

180i 

MCG-

13036 

21 

(10656x1998) 

12 AA  - Infrared 

 - Motion detection 

 - Panoramic Photo (3x7 Megapixels) 
 

SpyPoint Link-

4G 

LINK-4G 12 6 AA 
 - Infrared 

 - Motion detection 

 - Cellular connectivity 

 

 

Bushnell Trophy  

 

 

Moultrie M1100i 

 

Moultrie Pano 180i 

 

SpyPoint Link-4G 

Figure 3-2: Trail camera inventory 
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Solinst Levelogger Edges: 

To capture a time-series of water surface elevations and temperatures at key locations along 

the study reaches, Solinst Leveloggers (Model 3001) were deployed under the water surface. 

The recorded data of the Levelogger Edge is recorded in [m] and [°C], and has a resolution 

and accuracy of 0.05% full scale (Solinst Canada Ltd., 2017). Because the Solinst Levelogger 

records the absolute pressure, it is necessary to compensate for atmospheric pressure prior 

to the use as water surface elevation data. It should also be noted that the water elevation 

recorded once a competent ice cover has formed can be greater than in reali ty, as a result 

of the pressurization of flow. A Solinst Levelogger Edge immediately after retrieval is shown 

in Figure 3-3. 

 

Figure 3-3: Solinst Levelogger Edge (Model 3001) 

Solinst Barologger Edge: 

As was previously mentioned, in order to obtain a representative water surface elevation 

from the Solinst Levelogger, it needs to be corrected for atmospheric pressure using a Solinst 
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Barologger Edge (Model 3001). Because atmospheric pressure is not a static parameter over 

larger distances, Solinst has specified that 1 Barologger Edge is adequate to compensate for 

atmospheric pressure of all Leveloggers within a 30 km radius or 1000 m change in elevation 

(Solinst Canada Ltd., 2017). Though the Solinst Levelogger and Barologger may appear as 

similar devices, different algorithms are used to process air pressure readings instead of fluid 

pressures in the Barologger. Thus, these devices should not be used in place of one another. 

The Solinst Barologger Edge is identical in appearance to the Levelogger Edge shown in Figure 

3-3, with the exception of Barologger branding instead of Levelogger. 

Sea-Bird SBE 56 Temperature Loggers: 

Despite the fact that a Solinst Levelogger can record water temperature in addition to depth, 

its temperature measurement precision is inadequate to properly monitor the generation of 

frazil ice. As was discussed in Section 2.1.1, frazil ice production occurs when a supercooled 

water body is just a few hundredths of a degree below 0°C, and hence very precise 

measurements of temperature need to be captured to appropriately monitor frazil ice 

generation. Thus, the Sea-Bird Temperature Logger (SBE 56) was deployed in addition to 

Solinst Leveloggers in this study, which has a resolution of 0.0001°C and an accuracy of ± 

0.002°C (Sea-Bird Scientific, 2017). Unlike the Solinst Levelogger, the Sea-Bird Temperature 

Logger’s battery is also user replaceable, extending the useable life of the device. A Sea-Bird 

Temperature Logger is shown in Figure 3-4. 
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Figure 3-4: Sea-Bird Temperature Logger (SBE 56) 

SonTek M9 ADP, Hydroboard, and RTK-GPS: 

The SonTek M9 is an Acoustic Doppler Profiler (ADP) which performs echo sounding (sonar) 

using 9 transducers with varying frequencies of acoustic pulses, to determine the depth and 

velocities of a water body (SonTek, 2017). Of these beams, 8 are produced by dual 4-beam 

transducers fired 25° from the vertical at 3MHz and 1Mhz, and a single vertical beam is fired 

at 0.5 MHz. Additionally, the device can measure up to 128 vertically arranged cells of data, 

depending on the depth of water being measured. The device combines a compass, 

gyroscope and radio communication with a deployed RTK-GPS to provide accurate readings 

of depth and velocity, but requires calibration and to be operated in an environment free of 

magnetic interference. Range, resolution, and accuracy specifications of the SonTek M9 

under ideal conditions are provided below in Table 3-2 and a photo of the devices are shown 

in Figure 3-5. 
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Table 3-2: Range, resolution, and accuracy of the SonTek M9 (SonTek, 2017) 

Parameter Depth Velocity 

Range 0.20 – 15 m ±20 m/s 

Resolution .001 m 0.001 m/s 

Accuracy ±1% ±0.25% or 0.2 cms 
 

 

Figure 3-5: SonTek M9 ADP and Hydroboard (Left), and RTK-GPS (Right) 

Using a suite of software provided by SonTek (RiverSurveyor Live and HydroSurveyor Live) the 

M9 can be operated in several modes for various types of data collection. These modes and 

their respectful software are discussed in Section 3.1.2. 

Trimble R3 GPS System: 

Prior to the acquisition of the Leica Viva GS14 by the Hydraulics Research & Testing Facility, 

the Trimble R3 GPS System was used to georeference data collected by the Solinst 

Leveloggers (Trimble, 2017). A base station and rover are required to operate the system to 

the desired level of precision. The base station is deployed in some location central and 
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within satellite range to all of the points to be measured by the rover, and the rover is used 

to measure the points. In order for a measured point to take advantage of the correction 

factor produced by the base station using post-processed kinematics, the rover needs to 

obtain a fix to the base station. For the Trimble R3 system, the process of obtaining a fix 

takes 15 minutes, but can take much longer if there are interferences between the devices 

and the available satellites. 

Though perhaps not the most suitable surveying system on the market at the time of use, it 

can provide the utility necessary to translate all water depths recorded by the Leveloggers 

into water surface elevations on the same datum. According to the datasheet provided with 

the unit, the R3 is capable of a vertical kinematic surveying precision of ± (20 mm + 1 ppm) 

RMS. However, in this study it was often difficult for the R3 to obtain a fix and produced elevation 

measurements which had a precision anywhere from 20-70 mm. This was primarily due to the 

urban environment in which measurements were taken, where high rise apartments and condos 

often lined the rivers, blocking line of site to the sky from the R3 Rover. These interferences at 

times caused the rover to require up to an hour to get a fix (which in some cases was lost before 

the measurement could be made) and made keeping a fix between sites virtually impossible. The 

Trimble R3 GPS System is shown in Figure 3-6. 
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Figure 3-6: Trimble R3 GPS System (Left: Base Station, Right: Rover) 

Leica Viva GS14 GNSS Smart Antennae & CS20 Controller: 

The Leica Viva GS14 became available for use in this study beginning just prior to the 2016-

2017 break-up and was used to measure top of ice elevations and all future water surface 

elevations (Leica-Geosystems, 2018). Though the GS14 also utilizes an RTK-GPS similar to the 

R3, a subscription service is offered for the GS14 to use a network of pre-deployed base 

stations which cover the entire study area. Thus, this service was taken advantage of to save 

on the time required to setup the included base station and measure a benchmark, in 

addition to the peace of mind offered by knowing that the base station would not be 

interfered with or stolen when left alone. The GS14 is also more advanced and has access to 

a larger satellite network, meaning that the time to obtain a fix using this unit was on the 

order seconds instead of minutes. The Leica Viva GS14 and CS20 Controller are shown in 

Figure 3-7 measuring a water elevation just downstream of the Osborne Street Bridge on the 

Assiniboine River. 
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Figure 3-7: Leica Viva GS14 & CS2 Controller 

3.1.2 Software 

MATLAB: 

Commonly used in many disciplines of science and engineering, MATLAB is a proprietary 

programming language and software package that allows for the rapid prototyping, design, 

and analysis of complex mathematical systems (MathWorks, 2017). In this study, MATLAB 

has been used as the foundation for the development of a digital image processing algorithm 

to quantify border ice affected river photographs. In order to accomplish this, a basic 

installation of MATLAB R2017a was used along with the following Toolboxes: 

• Image Processing Toolbox 

• Computer Vision Systems Toolbox 

• Statistics and Machine Learning Toolbox 

• Global Optimization Toolbox 

• Parallel Computing Toolbox 
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Each Toolbox played a significant role in the development of the algorithm presented in 

Section 3.2.2. The Image Processing Toolbox includes all of the functions that were necessary 

to develop the algorithm that segments features from a given border ice affected river reach 

image and quantifies them. The computer Vision Systems Toolbox was used to perform an 

experiment to determine the level of optical distortion present in the cameras used to 

capture images subject to digital image processing. The Statistics and Machine Learning 

Toolbox was used to investigate methods of river ice image classification, which can allow 

for different image processing algorithms to be configured for recognizable differences in an 

image series. The Global Optimization Toolbox enabled for the effective calibration of the 

different image processing algorithm configurations with the use of minimal developer time. 

Finally, due to the non-serial nature of processing thousands of images, the Parallel 

Computing Toolbox was used to take advantage of multi-threaded central processing units 

(CPUs), which considerably reduces the run-time of image processing algorithm calibration 

exercises. 

SonTek RiverSurveyor Live: 

Version 4.0 was the newest available for RiverSurveyor Live and was used over the duration 

of this research (SonTek, 2017). Using this software in combination with the SonTek M9 

enables the measurement of an array of individual velocity cells over a river cross section 

which can then be used to infer a total discharge. Using the depth information of these 

measured cells also allows for the measurement of cross-sectional geometry of the river. 

The measurement of discharge and velocity for a given river cross section involves slowly 

pulling the M9 across a river transect (main body of river cross section) and an estimation of 
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the shore edges and river bottom which cannot be obtained automatically due to the M9’s 

blanking distance (estimation performed by the software, given the distance to dry land from 

the transect edges). 

SonTek HydroSurveyor Live: 

During this research program, version 1.5 of HydroSurveyor Live was available and hence 

used (SonTek, 2017). This software and deployment of the RTK-GPS provided with the 

SonTek M9, is required for the collection of bathymetric data. The interface of 

HydroSurveyor provides the user with a real-time live view of the M9’s hydroboard track and 

soundings (overlaid on a map), which aids in the establishment of a complete survey. The 

interface may also be configured by the user to provide real-time readings of many different 

parameters to ensure a high-quality survey is performed. In the case of the surveys 

performed for this thesis; boat speed, battery voltage, signal to noise ratio, GPS Fix Quality, 

HDOP, and number of satellites were measured in real-time to ensure that data was only 

collected while the device operating under ideal conditions. 

Trimble Business Center: 

Trimble Business Center Version 2.4 was used to post-process the topographical data 

acquired using the Trimble R3 GPS System (Trimble, 2017). The software allows a user to tie 

together measurements taken from multiple surveys and georeference them to a user 

specified datum. For the purposes of this study, it was decided that all topographical data 

be georeferenced to the Canadian Geodetic Vertical Datum of 1928 (CGVD28), as this datum 
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is currently used for water surface elevations provided by the City of Winnipeg and Water 

Survey of Canada. 

Surface-water Modeling System (SMS) 10.1: 

Developed by Aquaveo, the Surface-water Modeling System or SMS as it is typically 

abbreviated, is a software package that enables the efficient modeling and visualization of 

hydrologic and hydraulic systems (Aquaveo, 2018). In this study, SMS was used to design a 

mesh for hydraulic and ice simulations in CRISSP2D using satellite imagery and bridge pier 

drawings to define the boundaries of a reach on the Assiniboine River.  Bathymetry captured 

by the SonTek M9 and exported through HydroSurveyor 1.5 was then used to interpolate 

bed elevations to the defined mesh. The meshes generated by SMS for use in CRISSP2D 

consist of nodes, elements, and node strings for flow boundary conditions. The nodes 

contain the geographical location and depth information for the mesh components and are 

used for calculations during a simulation, while the elements are triangularly connected by 

3 joining nodes and define the sub-areas of the overall mesh. The node strings determine 

the nodes which are subject to the upstream and downstream boundary conditions of the 

model. 

CRISSP2D: 

The Two-Dimensional Comprehensive River Ice Simulation System (CRISSP2D) provides 

simulations of ice processes combining nearly all available knowledge in river ice 

engineering. The software couples a finite-element simulation of hydrodynamics and 

thermal ice processes with a Lagrangian discrete parcel method for the transportation of ice. 
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This parcel method enables the modelling of complex surface ice interactions such as frazil 

accumulation and ice-jamming (Liu, Li, & Shen, 2006). Other intermediary simulations in 

CRISSP2D include the: 

• energy balance between climatic conditions with the simulated water body 

• thermal and suspended frazil ice transportation 

• and formation, evolution, and decay of frazil, anchor, skim, and border ice 

Of particular importance for this thesis are the methods of modeling border ice in CRISSP2D, 

which can be simulated both thermally and mechanically through frazil accretion (Clarkson 

University, 2004). Although the implemented methods of mechanical and thermal border ice 

growth are based primarily on the work of Michel et al. (1982) and Matousek (1984) 

respectively, the sophistication of both implementations differs. 

The mechanical growth of border ice in CRISSP2D is based on Equations ( 2-5 ), ( 2-6 ), and ( 

2-7 ) as discussed in Section 2.3. The thermodynamic inputs are determined over an energy 

balance, the critical flow velocity is user defined, and the surface ice concentration is 

determined by transported frazil ice generated in the model or an input at the upstream 

boundary. This formulation results in incremental border ice growth that can be 

appropriately modeled temporally and considers many of the relevant parameters that 

contribute to its growth. However, because this formulation requires a surface ice 

concentration greater than 0 for growth to occur, this method disallows the growth of 

border ice thermally when surface ice floes are not present. 
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The thermal growth of border ice in CRISSP2D is based on the findings of Matousek (1984) 

and are assessed using Boolean logic. At each time step during a simulation, 4 significant 

logical statements are evaluated and if all of them are satisfied, a node in the simulation 

domain will convert to static border ice of a user defined initial thickness. These evaluations 

include that:  

• the surface water temperature and depth averaged flow velocity are below some user 

defined threshold 

• the buoyant velocity of frazil is greater than the vertical turbulence velocity  

• at least 2 neighbouring nodes either be static border ice or land boundaries  

In theory, these considerations allow for the appropriate modeling of border ice growth with 

regards to time of initiation and growth extents, but accurate thermal growth rates do not 

appear to have been a priority using this discrete Boolean logic formulation. 

Lastly, it should be noted that this software is still in development and thus, still being 

expanded upon with additional ice simulation subroutines, optimizations, and bug-fixes. 

Owing to its two-dimensionality, explicit hydrodynamic computation scheme, and 

comprehensive list of simulated ice processes, there is also a great need for CRISSP2D to 

take better advantage of modern computer hardware. These improvements include but are 

not limited to CPU multi-threading and OpenCL/CUDA support, which would allow for the 

simulation of higher density/larger meshes and provide improved viability for its use 

operationally. Additionally, at the time of writing CRISSP2D does not operate with a graphical 

user interface and relies on Tecplot or user developed code to provide visualization and 
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interpretation of output data. Thus, there is also a significant need to provide an improved 

human-computer interface to provide better accessibility and model development 

efficiency. 

3.2 Methods and Preliminary Analysis 

There are 3 significant components to the undertaken research that the following sections shall 

provide the methodology for. The first component is the basic monitoring of the Red and 

Assiniboine River, which includes all data collection activities and equipment deployment 

schedules. The second component involves the development, calibration, and validation of a 

digital image processing algorithm to quantify border ice river photographs. The final component 

involves the development and calibration of a river ice numerical model using the hydrometric 

and photographic data from the previous components. 

3.2.1 River Monitoring 

One of the primary goals of this research has been to provide the most modern and 

comprehensive set of river ice formation data on the Red and Assiniboine River in Manitoba to 

date. This goal requires that the data collected is high resolution both spatially and temporally to 

best identify relationships between relevant parameters and their corresponding ice formation 

processes. 

3.2.1.1 Stationary Equipment Deployments 

The stationary equipment that was deployed to monitor river ice formation processes on the Red 

and Assiniboine River includes Solinst Edge Leveloggers, Seabird SBE 56 Temperature Loggers, 
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and various trail cameras manufactured by Bushnell, Moultrie, and SpyPoint. This equipment was 

deployed to supplement existing monitoring sites that are owned and maintained by the City of 

Winnipeg and Water Survey of Canada.  

As the Assiniboine River is the more hydraulically dynamic of the 2 rivers in the study area, a 

significant portion of the Levelogger deployments were allocated to the Assiniboine. Using a HEC-

RAS model and surveyed water surface elevations of the Assiniboine River provided by the City 

of Winnipeg, Leveloggers were deployed in such a manner as to best capture the water surface 

profile of the river, considering the existing deployed hydrometric equipment. Temperature 

loggers were deployed at the boundaries of the study region, areas of interest, and at 

intermediary locations to prevent significant spatial gaps in the dataset collected. As other 

research projects at the Hydraulics Testing and Research Facility came to an end, additional 

logging equipment became available and were incorporated into this field monitoring program. 

Trail cameras were deployed at the locations of many of the deployed loggers to provide 

additional context to river ice formation events that occurred during the study periods. These 

trail cameras were initially deployed on trees, but were later moved to bridge railings to increase 

the consistency between image sets captured and to reduce the movement of cameras caused 

by the creep of trees during the winter. By the 2016-2017 freeze-up, trail cameras were deployed 

on every bridge (or bridge cluster) except for the Assiniboine Park Foot Bridge along the 

Assiniboine river from the Taylor Bridge in Headingley, downstream to The Forks, where the 

Assiniboine joins the Red River. Later (beginning with the 2016-2017 Break-up), a collaboration 

with the City of Winnipeg was made to also install trail cameras on several of the bridges on the 
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Red River within the city limits during break-up. The cameras deployed by the City of Winnipeg 

have been neglected from the figures to follow as none of their data was reviewed for this thesis. 

The following sub-sections describe the evolution of the field monitoring program through the 

years following its inception in greater detail. 

2014-2015 Freeze-up: 

The Hydraulics Research & Testing Facility field monitoring program for the Red and 

Assiniboine River began during the 2014-2015 freeze-up after Dr. Shawn Clark was awarded 

the NSERC/Manitoba Hydro Industrial Research Chair in River Ice Engineering. A pilot 

deployment of 3 trail cameras shooting at a frequency of 5 min/picture (for the entire freeze-

up) were deployed on trees for the last 3.5 km of the downstream reach on the Assiniboine 

River. No level or temperature monitoring equipment was deployed during this time or any 

equipment at all for the Red River. 

2015-2016 Freeze-up: 

A more comprehensive deployment of field monitoring equipment was undertaken during 

the 2015-2016 freeze-up on both the Red and Assiniboine River. Six precision temperature 

loggers, 7 leveloggers, a barologger, and 8 trail cameras were deployed on the Assiniboine 

River and 4 SBE 56 temperature loggers and trail cameras were deployed on the Red River.  

At this time, all deployed trail cameras were mounted on trees except for a single trail 

camera which was installed on the Donald Street Bridge (ARTC03) on December 3rd, 2015, 

after significant border ice had already begun to form. Unexpectedly however, the trail 
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camera deployed at Omand’s Creek (ARTC08) was later stolen, though no data was 

compromised. 

2016-2017 Freeze-up: 

With the author of this thesis obtaining ownership of the field monitoring program during 

the summer of 2016, more resources were allocated to increase the density of installed 

equipment. The number of leveloggers and trail cameras on the Assiniboine River increased 

from 7 to 12 and 8 to 12 respectfully. An additional levelogger was also installed on the Red 

River near Lower Fort Garry to supplement existing equipment (RRLOG02). Because the 

imagery produced by ARTC03 during the 2015-2016 freeze-up was so much more suitable 

for obtaining border ice growth measurements using photogrammetry compared to other 

deployed cameras, it was decided that future trail cameras be installed on bridge railings or 

similarly stable objects if possible (ARTC05 and ARTC06 were mounted on the rooftop of the 

condo at 229 Wellington Crescent). Hence, all trail cameras locations in the study domain 

were modified, except for RRTC01 and RRTC02 which remained mounted on trees and 

ARTC03, which was previously mounted on a bridge railing. 

Unfortunately, several events arose during the 2016-2017 freeze-up that compromised the 

data collection at some locations. These events include: 

• The precision temperature and levelogger at The Forks (ARLOG01) going missing 

o Correspondence with The Forks suggests that river ice break-up ripped off an 

I-beam bolted to their sheltered concrete docks  

• The levelogger at Omand’s Creek (ARLOG06) failing to record any data  
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• The precision temperature and levelogger at the Maryland Street Bridge (ARLOG05) 

getting entrained within an ice jam and not recording useful data  

o Highly variable depth measurements found on the leveloggers and both 

devices recorded temperatures as low as -8°C 

• The trail camera at Breezy Point (RRTC01) failing to record more than a single image 

in its time-lapse photo series 

2017-2018 Freeze-up: 

For the 2017-2018 freeze-up, the number of deployed devices and their locations remained 

largely the same as the previous year to maintain a similar level of logistics. Devices that were 

compromised for one reason or another the previous year were also replaced or investigated and 

addressed. The trail camera ARTC01 was moved from The Forks to a tree near St. Boniface 

Hospital (facing the confluence of the Red and Assiniboine rivers) and new level and temperature 

loggers were deployed across the river from The Forks docks, anchored to a tree. The exception 

to these replacements was RRTC01, which was discovered to have a faulty clock, which only 

causes its time-lapse mode to fail. Thus, RRTC01 was not deployed during freeze-up, but was 

during break-up (using a new camera) when its images are of greater importance for future 

projects. Additionally, due to low water levels and a rapid freeze-up, ARLOG04 was not deployed 

before proper reactive solutions could be implemented.  

Figures 3-8 and 3-9 illustrate the evolution of the field monitoring program over the years 

visually.
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Figure 3-8: Red River monitoring locations and evolution 
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Figure 3-9: Assiniboine River monitoring locations and evolution 
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3.2.1.2 Surveying 

A significant portion of the data collection activities involved with this research was the surveying 

of water surface, bed, and top of ice elevations in the study reaches. These data help to develop 

an understanding of the hydraulic gradient and geometry of rivers and are necessary to develop 

hydraulic and river ice models. The following sub-sections describe the practices implemented to 

survey these hydraulic inputs. 

Water Surface Elevation Surveying: 

To obtain useful data from the deployed leveloggers, water surface elevations need to be 

recorded at the logger locations at least once during their deployment. Although only one water 

surface elevation measurement is necessary per logger to get water surface elevation data, it is 

appropriate to take additional measurements in the case of logger movement during 

deployment. The loggers can potentially be moved by ice action or in the case of urban 

deployments, tampering, and need to be re-surveyed to correct for the possible changes in the 

deployed logger depth. Though it can be difficult to resurvey the loggers between multiple 

movements, surveying both before river freeze-up and after break-up is best practice at a 

minimum. These surveys then enable a translation from all of the depths recorded by the 

levelogger into water surface elevations, which can be used to generate a water surface profile 

time-series of the reach they are deployed in. 

Assiniboine River Bathymetry: 

As the river bend between the Sherbrook and Osborne Bridge is observed to be an important 

location for ice bridging in Winnipeg, Manitoba on the Assiniboine River, the reach between the 
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Sherbrook Bridge and the Forks where the Red and Assiniboine River join was selected for the 

development of a CRISSP2D model. The bathymetry of the Assiniboine River was collected using 

a SonTek M9 ADP and RTK with HydoSurveyor Live 1.5 and took approximately 5 days (2 + 3 days 

of unequal work time) to obtain an adequate survey of the reach.  Owing to the urban surveying 

location, it was at times difficult for the devices to obtain an RTK fix. Hence, the first 2 days were 

used to identify the best locations to deploy the RTK base station and to test the connection 

between it and the M9. This preliminary ground work ensured that less boat time be wasted and 

resulted in a more efficient bathymetric survey the following 3 days. Figure 3-10 shows the sub-

reaches that the bathymetric survey took place in each of the 3 days, as well as the location of 

the RTK base station deployments that were determined in the 2 days prior. 

 

Figure 3-10: Assiniboine bathymetric survey setup map 

Because the bathymetric survey was carried out over the course of multiple days with varying 

water levels, water surface elevations were required to merge the surveyed depth soundings 
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from each day. Although several leveloggers are deployed along the reach of the bathymetric 

survey, an additional water surface elevation survey was performed using the Leica GS14 to 

improve resolution and in case of logger failure or tampering that had yet to be identified.  The 

water elevations were collected at several locations along the portion of the reach surveyed that 

day using the Leica GS14 at the end of the bathymetric survey. Using MATLAB, the surveyed 

elevations were then used to transform the depths collected by the M9 into riverbed elevations 

(assuming a linear water surface profile between each of the survey regions defined in Figure 

3-10) on the CGVD28 datum for the development of a mesh to be implemented in CRISSP2D. 

Figure 3-11 illustrates the final processed SonTek M9 depth soundings converted into CGVD28 

bed elevations. 

 

Figure 3-11: Processed Assiniboine River bathymetry (CGVD28) 
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3.2.2 Quantification of Border Ice Photographs 

The purpose of the digital image processing algorithm developed is to quantify border ice river 

photographs captured by stationary field cameras. With the present level of computer 

advancement, a satisfactory computational budget can be obtained without a significant capital 

expenditure, enabling efficient development through the use of sophisticated algorithms. The 

sections that follow give detail to and justify the methods chosen for the developed algorithm. 

Though this method of data collection is relatively new to the field of river ice engineering, it is 

typical for this type of image processing to be done by hand due to the extreme variability that 

can be present in outdoor time-lapse digital photography. For many digital image processing 

algorithm development scenarios, it is more typical for the subjects of the photos to be in a more 

controlled environment. These include studies that take place indoors or in a laboratory (Clark, 

2006; Bourgault, 2008; McFarlane et al., 2014), or in a non-urban environment (McFarlane et al., 

2015; Ansari, 2016) where the cameras are not subject to the risk of human tampering and theft 

as was discussed in Section 2.2.2.1. 

The quantifiable parameters in a given river ice photo are site specific and related to the 

positioning of the camera. Ideally, the camera taking photos for use in the developed algorithm 

would be positioned directly above the river, with its lens pointed directly downwards, high 

enough such that the banks on both sides of the river are in view. Because every camera 

deployment is different, unique concessions need to be made which affect the methods used to 

process data for each and are discussed in Section 3.2.2.1. In general however, the developed 

methods can be used to determine border ice width growth rates. 
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3.2.2.1 Image Processing Camera Deployments 

Although relatively small compared to the Red River, the Assiniboine River experiences 

complicated and dynamic ice processes which are significantly affected by its upstream and 

downstream controls. As was mentioned in Section 3.2.1.1, trail cameras were installed on 

almost every bridge along the Assiniboine River within the study area. Given the unpredictability 

of river ice formation events, the numerous camera installations were made not only as a 

precaution against theft and tampering, but as an extra assurance that border ice formation 

events would be captured if they occurred (the locations of growth can be hard to predict). An 

example of this unpredictability is demonstrated by the Assiniboine River near the Donald St. 

Bridge developing a competent ice cover during the 2015-2016 and 2017-2018 freeze-ups by 

thermal border ice growth, while in 2016-2017, was developed by mechanical freeze-up jam. The 

thermal growth of border ice takes much longer to occur and hence is more suitable for digital 

image processing algorithm development (more data availability).  

The following sub-sections describe several of the time-lapses captured by trail cameras in this 

monitoring program that were suitable for image processing. However, despite a time-lapse 

being show-cased below, not every image series was processed to the same extent due to time 

constraints and a data priority for the later discussed CRISSP2D model. The methods by which 

pixel counts within these processed images are converted to physical dimensions is later 

discussed in Section 3.2.2.3.  
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Bonnycastle Park Tree Deployment (ARTC02): 

A camera was first deployed on a tree in Bonnycastle Park in Winnipeg during the 2014-2015 

freeze-up and subsequently deployed on the same tree during the 2015-2016 and 2017-2018 

freeze-ups.  

For the 2014-2015 freeze-up, a Bushnell Trophy was installed and configured to take time-lapse 

photos every 5 minutes. During the 2015-2016 freeze-up, a Moultrie M1100i was instead 

installed and set to take photos every hour. Because of the greater frequency of time-lapse 

photos during the earliest of the freeze-up periods, the batteries on the Bushnell Trophy needed 

to be changed multiple times during the field season. These required battery changes during the 

2014-2015 freeze-up introduced many physical movements to the cameras field of view 

throughout the field season, whereas during the 2015-2016, only camera movements induced 

by tree creep were experienced. For this reason, it was found that the time-lapse photos taken 

from the M1100i during the 2015-2016 freeze-up were much easier to perform image 

rectification. Additionally, because no hydrometric data was collected during the 2014-2015 

freeze-up, the images taken during that period were deemed lower priority and not analyzed.  

For the 2015-2016 freeze-up, an M1100i was installed on October 22nd,2015 and took hourly 

photos until January 13th, 2016, taking 2001 photos before the batteries depleted. Border ice 

growth first appear on November 18th and completed bridging on December 25th in a sub-series 

of 744 images.  In this image series, both banks of the river are visible and both border ice growth 

and frazil ice concentrations can be observed. However, in order to obtain quantifiable data from 

this image series the photos would first need to be georectified in order to compensate for the 
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obliqueness of the photos. An example photo from the 2015-2016 ARTC02 time-lapse photo 

series is shown in Figure 3-12. 

 

Figure 3-12: Example photo from the 2015-2016 Bonnycastle Park camera (ARTC02) 

Due to the success in processing images from the 2015-2016 freeze-up, an M1100i was later 

deployed again on this tree for the 2017-2018 freeze-up, despite the taken initiative to install all 

cameras on bridges. However, border ice was not exhibited during the 2017-2018 freeze-up at 

this location due to a bridging event that unluckily occurred just downstream, rendering the 

photos inadequate for processing. Figure 3-13 illustrates ARTC02’s approximate position and 

field of view in relation to the border ice conditions during the 2017-2018 freeze-up. 
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Figure 3-13: 2017-2018 ARTC02 field of view in relation to border ice growth 

Donald St. Bridge Deployment (ARTC03): 

The Donald St. Bridge was the first location along the Assiniboine River in the study area to have 

border ice growth captured by time-lapse photography that lends itself well to digital image 

processing with minimal pre-processing. Although this initial time-lapse of border ice growth 

predates the official shift to move most trail cameras from trees to bridges, it is in fact the time-

lapse photo series which inspired the change. However, as a result of this camera serving as a 

pilot to this shift in camera placement, it was not deployed early enough in the field season to 

capture the entire 2015-2016 freeze-up period. Despite not being deployed early enough, it was 

this photo series which was primarily used to develop the digital image processing algorithm 

discussed later in this thesis. 
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The trail camera at this location (Moultrie M1100i) was deployed on December 3rd, 2015 and 

captured 994 images before being retrieved on January 13th, 2016, without the batteries being 

depleted. Border ice growth was visible from the beginning of the time-lapse until the open water 

section closed off on December 19th, in a series of 392 photos. In this photo series, both banks of 

the river are visible and hence, a percent river ice cover can be determined using the available 

photos, in addition to border ice growth rates and surface ice concentrations. An example photo 

taken from this camera with the discussed available data is shown in Figure 3-14, where the 

border ice and ice floes are easily identifiable and the banks are within the frame of the camera 

(the right bank can be clearly seen in the top right of the image, while the left bank in the upper 

left of the photo is mostly obstructed by snow at this point in the image series). 

 

Figure 3-14: Example photo from the 2015-2016 Donald St. Bridge camera (ARTC03) 
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A trail camera was once again deployed at this location during the 2016-2017 and 2017-2018 

freeze-ups, but freeze-up jamming during 2016-2017 led to inadequate thermal border ice 

growth data. The camera was aimed more horizontally during these periods to allow more 

advanced methods of photogrammetry to be implemented. The 2017-2018 camera was 

deployed on November 2nd, 2017 and later retrieved on December 12th, 2017, capturing 957 

images without it’s batteries becoming depleted. Border ice in this series began to form on 

November 3rd, 2017 and completely bridged by November 10th, 2017, providing the capture of 

169 hourly time-lapse photographs suitable for analysis. An example photo from the 2017-2018 

ARTC03 time-lapse is shown in Figure 3-15. 

 

Figure 3-15: Example photo from the 2017-2018 Donald St. Bridge camera (ARTC03) 
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Osborne St. Bridge Deployment (ARTC04): 

A trail camera (Moultrie M1100i) was first deployed on the Osborne Street bridge during the 

2016-2017 freeze-up facing upstream and then facing downstream during the 2017-2018 freeze-

up. Similar to ARTC03, the 2016-2017 freeze-up led to the formation of a mechanical freeze-up 

jam which provided inadequate thermal border ice growth data for image processing purposes. 

The 2017-2018 camera was deployed on November 2nd, 2018 and 959 photos were captured 

before the camera was retrieved on December 12th, 2017, without it’s batteries becoming 

depleted. Thermal border ice growth data was observed with this camera from November 3rd, 

2017 to November 18th, 2017, in a series of 364 hourly captured time-lapse photos suitable for 

analysis. Again, similar to the 2017-2018 deployment of ARTC03, this deployment was also aimed 

more horizontally to provide visibility to landmarks and enable more advanced photogrammetry 

methods. 

Noteworthy from this image series is that on November 9th, 2017 at approximately 12 PM, some 

of the thermally grown border ice was fractured from the right bank. This movement of border 

ice ultimately makes this dataset difficult to calibrate a CRISSP2D model with, as it delays the 

complete bridging of the thermally grown ice for the analyzed cross-section. An example photo 

from the 2017-2018 ARTC04 image series showing the fracture border ice is shown in Figure 3-16. 
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Figure 3-16: Example photo from the 2017-2018 Osborne St. Bridge camera (ARTC04) 

Moray St. Bridge Deployment (ARTC10): 

The Moray St. Bridge trail camera (Moultrie M1100i) was first deployed during the 2016-2017 

freeze-up and captured both thermal and mechanical (frazil accretion) border ice growth. Border 

ice growth was first detected on December 1st, 2016 and progressed until January 4th, 2017, when 

the extents of the border ice had completely left the frame of the camera. Photos were captured 

by the trail camera on an hourly basis, taking 816 photos, which were deemed to be adequate 

for automated processing.  

With this trail camera deployment, a compromise has been taken with respect to the type of data 

that can be collected and the resolution of the data. In this time-lapse, the data that can be 

obtained is of a higher resolution relative to the others because it is closer to the subject, but 

only captures a single bank in the frame of its images. Hence, with this time-lapse photo series, 
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border ice growth and surface ice concentration can be determined, but not the percent 

coverage of the ice on the river. Additionally, because less of the open water section is in frame, 

the surface ice concentrations that can be found in this image series may not be representative 

of the concentration over the entire cross-section at this location. This improper representation 

could be due to preferential flow paths induced by the nearby bridge piers and natural river 

curvature. An example photograph from the Moray St. Bridge camera deployment (ARTC10) 

showing frazil accumulation is shown in Figure 3-17. 

 

Figure 3-17: Example photo from the 2016-2017 Moray St. Bridge camera (ARTC10) 

However, because the imagery acquired from this time-lapse was outside the extents of the 

bathymetric survey and hence the domain of the CRISSP2D model to be developed, this time-

lapse was deemed low priority. Thus, this image series simply remains available for future 

investigation if necessary. 
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3.2.2.2 Camera Calibration 

The objective of camera calibration is to identify if there is image distortion produced by the 

M1100i optics, and if so, to correct for it (the M1100i is the only camera whose photos were 

subject to photogrammetry). The single camera calibration application included in the Computer 

Vision Systems Toolbox in MATLAB was selected to perform the calibration, and instruction 

provided by official MATLAB documentation was followed (MathWorks, 2017). A detailed 

explanation of concepts employed by the calibration application has been omitted from this 

discussion, but enough information has been provided such that the experiment can be 

reproduced. 

Provided with the calibration application is a calibration checkboard pattern that is to be printed 

by the user and mounted to a flat rigid surface before being captured by the camera. The user is 

required to then take pictures of the checkerboard pattern at various positions in the camera’s 

field of view and at different orientations and distances. It is recommended that 10-20 photos be 

taken and that the checkerboard pattern locations are distributed over the entire image frame 

for the calibration. Since the M1100i cannot display a live view while taking pictures, the test 

setup in this experiment consisted of 2 cameras; an M1100i set to take time-lapse photos every 

10 seconds and another mounted above in live view mode. Figure 3-18 illustrates the test 

apparatus. 
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Figure 3-18: Test setup - calibration checkerboard (left) and modified M1100i with live view (right) 

Photos were collected in 2 sessions of approximately 10 minutes each and resulted in the capture 

of 116 images. Due to the offset and image crop present on the display of the installed live view 

camera, there were difficulties in aligning the checkboard pattern in many of the images. 

However, despite these challenges, 33 of the captured images were deemed acceptable by the 

calibration application (images where the checkerboard is partially cropped from the image or 

blurred were rejected). Figure 3-19 illustrates 2 samples images from the experiment; one that 

was accepted and one that was rejected by the calibration application. 

   

Figure 3-19: Accepted (left) and rejected (right) calibration images 
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Once images have been captured, the user can then begin the calibration after defining the 

physical size of boxes on the checkerboard (22 mm in this experiment), selecting the desired 

number of coefficients to be used in a transformation function (2 or 3) and if skew or tangential 

distortion should be considered. For severe distortion, 3 coefficients should be used rather than 

2. The Skew correction accounts for imperfections in a cameras sensor where its axes are not 

perpendicular, while tangential distortion accounts for cameras whose sensors and lenses are 

not parallel. For this calibration experiment every combination of options was tested, however, 

the differences of each setting made very little difference to the produced calibrated camera 

parameters structure variable. Though the provided documentation makes a claim that smaller 

lenses generally produce greater distortion, it may be the case that the field of view on the 

M1100i is so narrow that distortion appears negligible and that this claim is more applicable to 

small wide-angle lensed cameras. With these considerations taken into account, the results 

presented next are in the case of 3 coefficients without consideration to skew or tangential 

distortion. 

The measurement of error in this experiment is the mean reprojection error in each image, which 

defines the distance between measured image points and their projection in world coordinates. 

The provided documentation suggests a best practice of removing any images with a reprojection 

error of over 1 pixel and recalibrating if necessary. In this case, approximately 11 images had 

reprojection errors greater than this threshold and were removed before recalibration. A mean 

reprojection error of 0.57 pixels was then achieved by calibrating the remaining images, which 

were determined to be affected by pincushion distortion. By comparing a calibrated and 

uncalibrated image, it was also determined that the most extreme case of distortion correction 



 

98 

 

was approximately 7 pixels (diagonally from the corner of an image). Figure 3-20 demonstrates 

super-imposed reprojected and detected points on the checkerboard pattern and offers a visual 

representation of the determined error, while Figure 3-21 provides the mean reprojection error 

determined in the 22 remaining images after recalibration (0.57 pixels). 

 

Figure 3-20: Detected and reprojected points superimposed on calibration checkerboard 

 

Figure 3-21: Mean reprojection error in the remaining 22 images 
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As an additional means to verify that the experiment has been performed successfully, the user 

can qualitatively verify the extrinsic parameters though a camera-centric view. That is, through a 

visualization of the determined location and orientations of the checkerboard in the provided 

images relative to the camera. Alternatively, this experiment could have been performed with a 

stationary checkerboard pattern while changing the orientation of the camera and visualizing a 

pattern-centric view (not ideal in this scenario with a lack of proper live view functionality from 

the M1100i). By comparing the captured images with the corresponding locations in Figure 3-22, 

the checkerboard positions are as expected and thus this experiment can be said to be 

successfully verified. 

 

Figure 3-22: Camera centric view to verify experiment 

3.2.2.3 Implementations of Photogrammetry 

The 2 methods of photogrammetry discussed in Section 2.2.2 (orthorectification and 

georectification) are both practical ways of quantifying data from stationary field cameras. 

However, the method of photogrammetry utilized for each processable image series was 

selected depending on the visibility of physical landmarks. The methods of photogrammetry 
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implemented for each processed image series is discussed in greater detail in the following sub-

sections in order of increasing experience with these methods. 

2015-2016 Donald St. Bridge Trail Camera (ARTC03): 

The method of photogrammetry used for the Donald St. Bridge freeze-up image series was 

somewhat of a hybrid method, but is physically referenced using single radial plane 

photogrammetry. On the day the trail camera was deployed, a telescopic ladder was 

temporarily placed on the riverbank and captured by the camera. This ladder has been used 

as a measurement device to translate between pixels in the images and physical dimensions 

for the measurement of 1 dimensional border ice growth. The temporarily placed telescopic 

ladder can be seen in Figure 3-23 and is highlighted by a red box.  

 

Figure 3-23: Donald St. Bridge single radial plane photogrammetry physical reference 
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Additionally, a pseudo-photogrammetric method has been implemented to improve the 

accuracy of possible surface ice concentration measurements, giving ice floes at any distance 

from the camera a more equal physical representation. Of the available 392 photos in the 

border ice growth time-lapse, 252 photos remained after discarding night time images where 

inadequate lighting for image analysis existed. 

The method of pseudo-photogrammetry implemented with this image series was an 

orthorectification of the images using the assumption that the open water width was 

approximately equal in the straight section of the captured river reach. Utilizing this 

assumption, the images were transformed by performing a perspective shift, which provided 

a much less oblique view of the river ice. The scaling factor was then determined to be 1.3 

cm/pixel using the physical reference (ladder) and could be applied to border ice features 

running along the 1000th pixel row from the bottom of the images. An example of the 

resulting image produced from this pseudo-photogrammetric method is shown in Figure 

3-24. 
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Figure 3-24: Donald St. Bridge psuedo-photogrammetry orthorectification 

2015-2016 Bonnycastle Park Trail Camera (ARTC02): 

Although the 2015-2016 trail camera at the Bonnycastle Park location captured a detailed 

time-lapse of river freeze-up processes, the oblique view of the camera did not allow for the 

data to be quantified without first undertaking a significant level of pre-processing. As has 

been previously discussed, a photo series such as this would first need to be georectified 

which requires that specified pixels in the images series correspond to physical geographical 

coordinates (single radial plane photogrammetry is not possible at this angle). This 

relationship further requires that the images then be registered so that the coordinates of 

landmarks be consistent between photos. Compounded to these challenges is then the fact 

that this photo series was not analyzed until the summer of 2017, meaning that the 
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surveying of geographical coordinates would have to be retrofitted to 2-year-old 

photographs. 

As a means of saving time and resources, a sub-set of photos was taken from the time-lapse 

series to be processed. Every sixth hourly photo was taken from the beginning of November 

20th to the beginning of December 25th, 2015 (10AM, 4PM, 10PM and 4AM were selected to 

minimize reflections of sunlight). The 4AM photo from each day was also discarded, as they 

were too dark to perform analysis on and would not be worth the time and effort to also 

pre-process. Additionally, there were several instances where the camera should have taken 

a photo, but must have malfunctioned and failed to save any data; leaving the georectified 

image series at just 92 photos out of the 744 it captured during observed border ice growth.  

These 92 photos were then registered using a combination of Adobe Photoshop and 

MATLAB. Photoshop was used to register photos with similar lighting and ice conditions 

using its Auto-Align Layers tool (more traditionally used to stitch together panoramic photos, 

hence the resulting layers were not flattened) and MATLAB was used to translate these 

photo groups to be aligned with common landmarks. An example of this registration process 

applied to a photo taken on November 18th (no ice cover) and December 20th, 2015 

(significant border ice growth), is shown below in Figure 3-25. Note the overlap of static 

features in the photos such as the river banks and tree trunks and ignore the more dynamic 

features such as tree branches which move freely over the image series. 
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Figure 3-25: Registration applied to 2015-2016 Bonnycastle Park (ARTC02) photographs 

Following the registration of the existing photographs from this time-lapse image series, the 

M1100i was deployed on the same tree in July 2017, in order to obtain geographical control 

points for use in georectification. Similarities in the visible river banks, riprap, and concrete 

path boundaries during the July 2017 survey and 2015-2016 time-lapse photos were 

identified and 20 control points were surveyed using the Leica GS14 at approximately the 

same elevation to develop a georectification plane (plane at 224.5 m CGVD, approximately 

0.7 m above the water surface that day). At each survey location, the installed July 2017 trail 

camera was used to take a photo so that the surveyed geographical coordinates may be 

assigned pixel coordinates. It was found using the provided georectification MATLAB code 

by Bourgault et al. (2017), that the georectification error for these photos was 14.37 cm after 

geometric correction and polynomial stretching. A visualization of the results of 

georectification applied to a photo from the July 2017 survey can be seen in Figure 3-26. 
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Figure 3-26: Georectification applied to photo from July 2017 ARTC02 survey 

The 20 surveyed photos were then registered using Photoshop as a group and then manually 

registered together to an existing registered photo from the 2015-2016 ARTC02 image 

series. An example of the registration between the new and old photo series is illustrated in 

Figure 3-27. 

 

Figure 3-27: Registration applied to July 2017 ARTC02 survey and 2015-2016 time-lapse 
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With the July 2017 surveyed control points now sharing pixel coordinates with the 2015 -

2016 time-lapse photos, it was possible to perform the same georectification procedure to 

ARTC02 freeze-up time-lapse photos. To make the georectified photos more suitable for 

manual and automated analysis, the images in the photo series were then cropped and 

rotated such that the banks were parallel with and at the photos’ left and right edges (with 

the river flowing downstream to the top of the image). The final resulting images have a 

resolution of 1781x1776 pixels and a scaling factor of 2.555 cm/pixel was obtained to 

convert pixel analysis results into physical dimensions. The results of georectification on a 

freeze-up photo from the 2015-2016 time-lapse and the same photo cropped, rotated, and 

ready for manual or automated analysis is shown below in Figure 3-28. 

          

Figure 3-28: Georectification applied to 2015-2016 ARTC02 and prepared for image analysis 
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Donald St. (ARTC03) & Osborne St. (ARTC04) Bridge 2017-2018: 

The Donald St. (ARTC03) and Osborne St. (ARTC04) Bridge trail cameras were both 

georectified in a similar manner to the Bonnycastle Park tree camera (ARTC02) in 2015-2016. 

Of the available 169 and 364 images with observed border ice from the ARTC03 and ARTC04 

time lapses respectfully, 76 and 144 images were not discarded due to inadequate lighting 

conditions. These time-lapses were captured the latest in the field monitoring program and 

as such, could be processed with the greatest knowledge and experience with the methods 

utilized. Additionally, because these cameras were mounted to bridge railings and the 

retroactive registration of geographical control points were carried out over a period of 

months rather than years, the georectification process was much easier. Figures 3-29 & 3-30 

illustrate the retroactively surveyed control points superimposed on images from the 

ARTC03 and ARTC04 time-lapses respectfully (18 control points were acceptably surveyed 

for ARTC03 and 20 control points ARTC04).  
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Figure 3-29: Retroactive control point survey for the Donald St. Bridge (ARTC03) 

 

Figure 3-30: Retroactive control point survey for the Osborne St. Bridge (ARTC03) 
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Despite having so many control points for this georectification, it was discovered through 

trial and error that the provided MATLAB code by Bourgault et al.  (2017) performs best if 

the control points selected are well spaced. It is thought that having clusters of control 

points in close proximity provide too much weight to that geographical region and as a result, 

skews regions with sparse control points during geometric correction and polynomial 

stretching to minimize the overall RMSE. Thus, not all control points measured were used in 

the georectification of these images. It was found using the provided georectification 

MATLAB code and an optimal set of control points that the georectification error for these 

photos was 54.6 and 38.0 cm for ARTC03 and ARTC04 respectfully, after geometrical 

correction and polynomial stretching. It also should be noted that the magnitude of error is 

correlated to the spatial resolution of the image being georectified, in other words, images 

georectified with survey points further from the same camera will have a larger error.  The 

results this georectification were then cropped and rotated in a similar manner to the 2015-

2016 ARTC02 georectification, to provide an appropriate input for the digital image 

processing algorithm. A visualization of the results of georectification applied to a photo 

from both time-lapses is shown in Figures 3-31 and 3-32. 
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Figure 3-31: Example georectification of 2017-2018 ARTC03 

           

Figure 3-32: Example georectification of 2017-2018 ARTC04 
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3.2.2.4 Algorithm Development 

A digital image processing algorithm has been developed to automate the process of obtaining 1 

dimensional distances within an image that would otherwise be obtained through manual 

analysis. These distances, which represent the border ice growth data present in the imagery, 

can be found using a series of reliable and repeatable image processing methods. Through a great 

deal of trial and error, the following algorithm was found to be the most robust method of 

obtaining quantifiable border ice growth data, as compared to by-hand analyses. Figure 3-33 

illustrates a flowchart of automated steps, which will be discussed in greater detail in the 

following sections. 
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Figure 3-33: Digital image processing algorithm flowchart 

3.2.2.4.1 Image Classification 

Due to the high variability in the visual conditions present in stationary field camera imagery of 

river ice, it is beneficial to tailor the parameters of various image processing functions to these 

specific conditions. Thus, sorting the images into easy to recognize user defined classifications 

before calibration can improve the performance of the presented algorithm with minimal 

additional effort. As an example of this methodology, the camera deployments in this study were 
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characterized into 7 different image classes (classes 0 through 6). Class 1 and 2 represent day and 

night photos taken at the beginning of the image series where striations are visible on the border 

ice surfaces, which can easily be mistaken for the desired ice-water interface during target 

detection. Class 3 and 4 represent day and night photos taken when the border ice is only partially 

covered in snow due to thermal ice growth between precipitation events. Class 5 and 6 represent 

day and night photos of border ice that are completely covered in snow. Finally, Class 0 

represents photos that are difficult or impossible to quantify data from regardless of the pre-

processing performed on them and are to not be processed. Examples of Class 0 photos include, 

photos taken at night without ambient light, with a fogged-up lens, or significant snow fall.  

Although snow fall can increase the difficulty of processing images, in many cases the edges of 

border ice can still be recognized through light to medium snow fall due to the target detection 

method used (generalized Hough transform). Figure 3-34 illustrates a summary of the 

processable image classifications for the 2015-2016 Bonnycastle Park (ARTC02) camera 

deployment. 
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               Class 3 

 
Class 4 

 
               Class 5 

 
Class 6 

Figure 3-34: Bonnycastle Park tree camera (ARTC02) image classifications 
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Although methods of automated image classification were investigated using supervised learning 

with classifier functions in MATLAB, this component of the algorithm was eventually abandoned. 

These classifiers relied on descriptive statistics calculated from image histograms and binary 

objects obtained through canny edge detection. Reasons for this abandonment include 

insufficient data availability, loss of accuracy in the core image processing algorithm if an image 

is incorrectly classified, and the relative ease of manually sorting images. Future image processing 

developments using this work as a foundation may wish to consider automated classification 

further when data availability permits it. 

3.2.2.4.2 Automated Image Processing Functions 

Once an image has been classified, a series of automated image processing functions are applied 

to it whose parameters have been calibrated for that image class. All of the required image 

processing functions are contained within the Image Processing Toolbox which can be added to 

a basic installation of MATLAB 2017a. These functions, parameters, and their order in the 

algorithm are presented below for a class 5 photo from the 2015-2016 Donald Street Bridge 

camera (ARTC03) as an example. The photos from this image series have had orthorectification 

and cropping applied to them beforehand as pre-processing rectification methods, as shown in 

Figure 3-35.  
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          Raw                  Rectified                                                        Cropped 

Figure 3-35: Example pre-processing of a 2015-2016 Donald Street Bridge photo (ARTC03) 

The parameters of the automated image processing functions in the order that they are 

implemented in the algorithm are as follows: 

X1   =  Adaptive histogram equalization 1st pass (binary parameter) 

X2   =  Histogram specification base 

X3   =  Histogram specification exponent 

X4   =  Adaptive histogram equalization 2nd pass (binary parameter) 

X5   =  Canny edge detection threshold 

X6   =  Canny edge detection sigma  

X7   =  Binary property filtering (area) 

X8   =  Binary property filtering (orientation) 

X9   =  Binary property filtering (eccentricity) 

X10 =  Binary template image edge erosion 

Although the values for the function parameters are also shared below, the bounds of these 

parameters and how they were calibrated for this image series and class will be discussed in 

greater detail in Section 3.2.2.5.  
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1 .     Adaptive Histogram Equalization and Specification: 

The first function that is applied in the image processing algorithm is adaptive histogram 

equalization. Depending on the calibration of the image class, this parameterless function may 

be simply enabled or disabled (it is enabled for this class 5 image series; X1 = 1). As has been 

discussed previously in the literature review, this function can improve the contrast of details 

within the image and may help to minimize natural light gradients that are present. This function 

can be called in MATLAB 2017a with the command “adapthisteq”, after an image has been 

converted to grayscale, and is demonstrated for this example photo in Figure 3-36. 

 

Figure 3-36: 2015-2016 ARTC03 adaptive histogram equalization example 

Histogram Specification in this algorithm is then performed by taking the individual uint8 pixel 

intensities (value range from 0 to 255) of the image and raising them to some power and then 

multiplying the result by some other value. This function further enhances the image by allowing 

the histogram of pixel intensities in the image to be skewed to a desired shape. For this class 5 

image series, all pixel intensities have been multiplied by 1.0571 (X2), after being raised to the 

power of 0.9394 (X3). Finally, adaptive histogram equalization can be enabled or disabled again 
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once histogram specification has been completed. In this way, adaptive histogram equalization 

can be completely disabled, performed before or after histogram specification, or both before 

and after histogram specification. In this case, the calibrated algorithm found that applying 

adaptive histogram equalization both before and after histogram specification was the best 

configuration (X4 = 1). The resulting image after histogram specification and a second pass of 

adaptive histogram equalization has been applied is shown in Figure 3-37. 

 

Figure 3-37: 2015-2016 ARTC03 adaptive histogram equalization and specification example 

2 .     Canny Edge Detection: 

After the image has been enhanced through various histogram manipulation techniques, it is 

then ready to have edge detection performed on it using the Canny method which is called using 

the command “edge” in MATLAB 2017a. The Canny method has both a threshold and sigma 

parameter which specify the sensitivity of the function to high local pixel intensity gradients 

(threshold determines what in the image is considered an edge) and the standard deviation of 

the Gaussian filter applied (sigma determines smoothness of returned edges and can help filter 

noise that would otherwise be returned as an edge). For this class 5 image series, the threshold 
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and sigma parameters have been determined to be 0.2839 (X5) and 27.5156 (X6) respectfully to 

obtain the edges found in the binary image displayed in Figure 3-38. 

 

Figure 3-38: 2015-2016 ARTC03 Canny edge detection example 

3 .     Binary Object Property Filtering: 

Not every edge in the binary image determined using the Canny method is likely to belong to the 

ice-water interface of border ice. Hence, binary object property filtering can be used to remove 

unwanted edges that may interfere with target detection using the command “bwpropfilt” in 

MATLAB 2017a. In this algorithm, 3 properties are inspected for each of the binary objects 

detected in the image. These properties are area, orientation, and eccentricity. The area filter 

removes any binary object smaller than a specified size, which is useful for removing edges that 

have been detected by frazil ice or noise produced by the camera. The orientation filter removes 

any binary objects whose major axis is rotated more than a specified distance from the vertical. 

Because the expected input for the algorithm is a photo of a river that is vertically oriented, 

removing objects rotated beyond some angle from the vertical can better isolate the border ice 

edges (limiting the algorithm to the analysis of straight channels). Lastly, a minimum eccentricity 
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is specified such that any remaining binary objects in the image can be defined approximately as 

lines, which detected border ice edges typically are. For the calibration of this class 5 image series, 

it was found that only objects with an area greater than 500 pixels (X7), major axis orientations 

less than 9.0488 degrees from the vertical (X8), and eccentricities greater than 0.2112 (X9) should 

not be filtered out of the binary image. Figure 3-39 demonstrates the result of applying all three 

of these binary property filters to the canny edge detected image for the example photo. 

 

Figure 3-39: 2015-2016 ARTC03 binary property filtering example 

4 .     Target Detection: 

Once the remaining edges in the image only represent those that will likely aid in the 

identification of the true ice-water interface, target detection is performed using a 1-dimensional 

Generalized Hough Transform. The user must first specify a pair of binary template images that 

the algorithm will use as a reference when locating the left and right ice-water interfaces in the 

canny edge detected image, as well as the centreline of the border-ice freeze-up. The centreline 

is defined as the horizontal pixel distance from the left of the image, pixel coordinate 1, to the 

last visible horizontal location of open water in the image series. The algorithm then scans the 
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canny edge detected image for the ice-water interfaces by superimposing the binary template 

image on the analyzed image at every possible horizontal pixel coordinate from the outside of 

the image, moving inwards (adding the resulting 2 binary images together). Each superimposed 

configuration is then analyzed for overlap by determining the number of overlapped pixels, which 

are represented by matrix elements with a value of 2. The configuration with the greatest number 

of overlapping pixels is then determined to be the true location of the ice-water interface, and a 

binary image with the superimposed template edges in that configuration is returned as an 

approximation of the complete border ice edges, as is shown in Figure 3-40 for this class 5 image 

series example photo.  

 

Figure 3-40: 2015-2016 ARTC03 target detection example 

As can be noted from Figure 3-40, the binary template images for the ice-water interface 

searches have 2 significant features. The first and most obvious feature is the defined curvature 

of the border ice edge, which the user can determine by manual analysis of a border ice image 

using Canny edge detection or by tracing out the interface by hand. While this vertically oriented 

feature of the template alone can potentially be used to find the location of the border ice edge, 
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visible ice striations in border ice images can easily be mistaken as the ice-water interface due to 

their similar shape. This detection anomaly was mitigated by the second feature of the binary 

template image: horizontal lines extending outwards from the border ice edge templates. These 

horizontal lines enable the 1-dimensional Generalized Hough Transform to give preference to the 

vertical ice edges that are situated closer to the defined centre line, because they can 

theoretically obtain a greater number of overlapping pixels. 

In the development of the 1-dimensional generalized Hough transform, there were several 

parameters that were added to improve its flexibility and performance. The first is that the user 

can specify an overlap of the scans beyond the border ice centreline, which is expressed as an 

additional percent of the search width and may be necessary to provide a full search in cases 

where the border ice in the image series shows minor natural curvature. In the case of this 

example image series, an over scan of 5% has been implemented (a manually determined 

parameter). The second is an erosion parameter that can be applied to the binary template 

image, enabling a trade off between robustness and precision to the different image classes 

during calibration.  

To provide an example for this image series, the binary template images were generated using 

lines with a thickness of 24 pixels. With a greater line thickness in the binary template image, a 

more robust search can be carried out due to the greater likelihood of the border ice edge 

template overlapping the entire ice-water interface in the image being analyzed. Conversely, by 

thinning out the line widths of the template, less overlap may occur, but may also be more precise 

due to the finer line widths. Eroding the template to a finer line width also decreases computation 
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times, by reducing the number of pixel coordinates to check for overlap. For this class 5 image 

series example, no erosion to the binary template image was found to improve the calibration 

(X10 = 0). 

Another implemented method for improving the performance of the 1-dimensional generalized 

Hough transform function is the specifiable sampling resolution. This parameter can be specified 

for both the vertical and horizontal direction of the analyzed image independently and can be 

preferable to simply downscaling the images during pre-processing (also simplifying the pre-

processing pipeline). For example, when this parameter is set to 4 in the vertical direction and 1 

in the horizontal, only every forth pixel row will be checked for overlap during the 1-dimensional 

generalized Hough transform. This configuration will reduce computation time required by the 

1-dimensional generalized Hough transform by approximately 75%, without reducing the search 

precision (robustness may be affected however).  

On the other hand, if the overlap sampling resolution is reduced in the horizontal direction, a 

similar performance increase can be obtained but at a loss of precision. For example, if the 

horizontal sampling resolution is set to 4 pixels, the binary template images will be superimposed 

in 4 pixel steps. There may be scenarios where changing the horizontal sampling resolution can 

be reasonable however, such as cases where despite processing a high-resolution image, high 

contrast details are not discernible at an individual pixel level due to poor image quality (camera 

quality, thickness of edge in the image, fog, focus, etc). These sampling resolutions are set 

manually and are not part of the calibration process. However, it may be beneficial to change the 
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sampling resolution to speed up the calibration and then test the accuracy afterwards with a full 

sampling resolution. 

5 .     Edge Reconstruction: 

After an image has been returned from target detection with the binary template images placed, 

a few simple morphological operations are performed to isolate the open water section of the 

image and remove the horizontal line features of the binary template images. The binary image 

is first inverted and the top and bottom row of pixels in the image are replaced with 0’s. Because 

the blocks of pixels between the horizontal lines extend to the left and right boundaries of the 

image and the open water section no longer touches the top and bottom boundaries, the 

MATLAB command “imclearborder” can be used to easily remove these unwanted blocks. Finally, 

the binary image of the open water section is eroded such that any thickness that was added by 

the binary template image edges is removed (erosion here relates to the value of X10). The image 

that remains can then be used to process border ice data, which will be discussed next, or to 

isolate the open water section for frazil ice concentration analysis using other methods. This 

procedure applied to the target detected image for this class 5 image example photo can be seen 

in Figure 3-41. 
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Figure 3-41: 2015-2016 ARTC03 edge reconstruction example 

6 .     Data Processing 

With just a simple binary image isolating the open water section of the image, data processing 

can be used to determine open water width and the pixel coordinates of the border ice edges. 

The location of the border ice edges can be found by determining the pixel coordinates of the 

first matrix element containing the value 1, moving inwards from the left of right boundaries of 

the image. The open water width can be determined by taking the difference of the previously 

determined horizontal pixel components of the ice edges or by summing together the pixels of a 

specified row. For the class 5 image series example presented above, the open water width was 

found to be 267 cm by the algorithm, while manually determined was found to be 281 cm. 

Geographical coordinates for the ice edges could not be determined in this scenario due to the 

pseudo-photogrammetry used for this photo series. 

3.2.2.5 Manual Image Analysis 

Before the calibration and validation of the automated portion of the image processing algorithm 

can be performed, data needs to be acquired through the manual analysis of images, which is a 
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very labour intensive activity. Image analysis data were obtained using GIMP 2.8’s measure tool 

to obtain border ice edge pixel coordinates, and a combination between thresholding and 

manual pixel selection were used to obtain frazil ice concentrations. Using the histogram tool, 

frazil ice concentrations were calculated by dividing the reported number of pixels occupied in 

an image by open water (frazil and water) and frazil ice (just the frazil ice). However, due to time 

constraints and the present scope of the image processing algorithm, only manual ice width 

measurements were taken for the 2017-2018 dataset. The number of photos analyzed for each 

of the image series’ in this investigation can be found in Table 3-3. 

Table 3-3: Number of manually analyzed photos 

Time-lapse Photo Series Number of Photos Analyzed 

2015-2016 Bonnycastle Park tree (ARTC02) 92 

2015-2016 Donald Street Bridge (ARTC03) 252 

2017-2018 Donald Street Bridge (ARTC03) 76 

2017-2018 Osborne Street Bridge (ARTC04) 144 

Total 624 

3.2.2.6 Calibration 

To perform the calibration of the discussed image processing algorithm, the Statistics and 

Machine Learning and Parallel Computing Toolboxes were used in addition to a basic installation 

of MATLAB 2017a. Due to the computationally expensive nature of image processing functions, 

a relatively simple and non-comprehensive calibration strategy was implemented to maximize 

the performance of the automated portion of the image processing algorithm in a reasonable 

time frame. Initially, 2 optimization algorithms were implemented for the calibration of the image 

processing algorithm and were the Genetic Algorithm and Particle Swarm Optimization. It was 
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found through simple non-comprehensive trial and error, that took approximately 2 weeks to 

complete using 3 separate computers with similar computational performance, that the most 

convenient to use and quickest to train algorithm was the Particle Swarm Optimization in this 

application. Thus, for all future calibrations of the image processing algorithm, the Particle Swarm 

Optimization algorithm was used to obtain calibrated parameters. 

Calibration was performed subject to equation ( 3-1 ): 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑍,   𝑍 =  𝑓(𝑋1, 𝑋2, … , 𝑋9, 𝑋10) = √
∑  (�̂�𝑖 −  𝑦𝑖)2𝑛

𝑖=1

𝑛
 

( 3-1 ) 

Where: 

• Z = root mean square error of computed ice data in pixels  

• Xi = ith image processing function parameter identified in Section 3.2.2.4.2  

• �̂�𝑖 = computed border ice width 

• 𝑦𝑖 = manually analyzed border ice width 

• n = number of photos used in the calibration 

• i = photo in the series 

The bounds of the decision variables were determined to allow the optimization algorithm as 

much freedom as reasonably possible in the decision space. Hence, these bounds keep the 

optimizer from setting the decision variables to values that would produce errors or search in 

unnecessary regions of the decision space. For example, the threshold for the Canny edge 

detection function cannot be ≥1 or ≤0, or it will return an error message and the frazil ice or noise 
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binary objects are not expected to have an area greater than 500 pixels in the analyzed image 

series’, and has been set accordingly. A complete list of the calibration parameter bounds used 

in the optimization algorithms are shown in Table 3-4. 

Table 3-4: Image processing algorithm calibration parameter boundaries 

Algorithm Decision Variables Lower Bound Upper Bound 

X1 1st Adaptive Histogram Equalization 0 1 

X2 Histogram Specification Base 0.1 10 

X3 Histogram Specification Exponent 0 4 

X4 2nd Adaptive Histogram Equalization 0 1 

X5 Canny Threshold 0.001 0.9999 

X6 Canny Sigma 0.1 120 

X7 Binary Filter (Area) 0 pixels 500 pixels 

X8 Binary Filter (Orientation) 0° 45° 

X9 Binary Filter (Eccentricity) 0 1 

X10 Binary Template Image Erosion 0 pixels 11 pixels 

The Particle Swarm algorithm is called in MATLAB 2017a using the command “particleswarm” 

and was used in this thesis with default settings, except for an added plot and output function, 

as well as the activation of multi-threaded computations. These default settings include a swarm 

size of 100 solutions, maximum of 200 iterations, and an objective function tolerance of 1e−6. The 

implemented plot function allowed for a real-time view of the calibration as it progressed and 

the output function appended the best solution X to a text file with its corresponding root mean 

square error at each iteration (useful in the case of computer crashes and unintended restarts). 

Figure 3-42 illustrates an example plot of a class 5 image calibration from the 2015-2016 Donald 

Street Bridge freeze-up camera using the Particle Swarm Algorithm, where the objective function 

value is the RMSE in pixels. 
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Figure 3-42: Real-time calibration plot example (2015-2016 ARTC03, class 5) 

3.2.2.7 Validation 

The purpose of the validation is to provide evidence that when calibrated sufficiently, the 

automated portion of the image processing algorithm can be used to determine border ice 

growth data from images with reduced effort and resources. Validation of the automated portion 

of the digital image processing algorithm has been under taken using 1 of 3 methods. The first 

method of validation is to test the performance of the automated image processing algorithm 

using a time-lapse photo series from a different freeze-up period than its calibration. The second 

method is to test the performance using time-lapse photos from the same freeze-up period, but 

not using any photo that was also used in the calibration. The third method is to test the 

performance of a calibrated algorithm parameter set for one camera using another camera. 
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While certainly the first method is preferred, the method of validation selected was subject to 

the data availability of each applicable time-lapse photo series. The method of performance 

evaluation for the validations remains the same as during calibration for consistency (root mean 

square error) and is presented along with the calibration results in Section 4.2. 

3.2.3 CRISSP2D Modeling 

The development of the CRISSP2D model for a reach of the Assiniboine river that had its 

bathymetry collected can be disaggregated into 3 components. The first component is the 

development of a triangulated irregular network (TIN) henceforth referred to as a mesh, based 

on the bathymetry collected using the SonTek M9, in SMS 10.1. The second and third component 

involve the calibration of the CRISSP2D model in both hydrodynamics and in ice processes 

respectively, which are performed one after the other. 

3.2.3.1 Mesh Development 

The mesh for the CRISSP2D model was developed in SMS 10.1 using the bathymetry data 

collected on the Assiniboine River. An iterative approach was taken in the development of this 

mesh, beginning with a high-resolution mesh and only making simplifications where necessary, 

as necessary. The steps required for the development of the mesh were boundary delineation, 

mesh interpolation, assignment of boundary conditions, and conversion to CRISSP2D. 

The online map import function of SMS was used to provide satellite imagery (“world imagery” 

in SMS) of the specified bathymetry collection area. Using the collected imagery, the banks of the 

survey area were delineated and scatter data was defined at 224.5 m CGVD82 in the boundaries’ 

place. The bank boundary elevation assumption was made roughly based on the visible elevation 
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of the water in the satellite imagery and data collected during the ARTC02 georectification survey 

which was discussed in Section 3.2.2.3. Though defining a constant bank elevation of 224.5 m 

ignores the water surface profile exhibited in the reach, this elevation is adequate in providing a 

mesh that will not reach bank full conditions during a river ice simulation over this reach before 

ice jam influences. 

Additional boundaries in the mesh were created for bridge piers, docks, and other structures 

along the Assiniboine River using a combination of the satellite imagery and drawings provided 

by the City of Winnipeg. Although these boundaries were originally drawn as polygons with their 

true physical dimensions in SMS using feature arcs, the bridge piers were later simplified due to 

CRISSP2D runtime concerns. Table 3-5 lists all of the boundaries developed and the source of 

data used to model them in the final version of the mesh.  

Table 3-5: Mesh boundary development specifications 

Mesh Feature Data Source 

River Banks Satellite Imagery 

Maryland Street Bridge Piers City Drawings 

Sherbrooke Street Bridge Piers City Drawings 

Hugo Dock Satellite Imagery 

Osborne Bridge Piers City Drawings 

Manitoba Legislative Building Dock Satellite Imagery 

Donald St. Bridge Piers City Drawings 

Main St. Bridge Piers (Road)  City Drawings 

Main St. Bridge Piers (Rail) Satellite Imagery 

Forks Dock & Light House Satellite Imagery 

Forks Foot Bridge Piers Satellite Imagery 

The river bank feature arc boundaries had their vertices redistributed such that cross-sections of 

the mesh consisted approximately of 10 nodes with 7 m spacing. This spacing provided a mesh 
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density that offered a compromise between the available computational budget and detail 

provided by the model. The resulting mesh contains 6889 nodes and 12577 elements. Node 

elevations were determined using the interpolate to mesh function based on the imported xyz 

bathymetry data collected and processed as discussed in Section 3.2.1.2 and the specified bank 

boundary elevation scatter data generated previously. Linear interpolation with inverse distance 

weighted extrapolation using the nearest 16 points was found to provide the most reasonable 

mesh based on visual inspection. 

Node strings were created at the upstream and downstream boundaries of the mesh in order to 

define boundary conditions in CRISSP2D after exported to a .geo format. An RMA2 specified flow 

rate of 75 cms was applied at the upstream boundary and a water surface elevation boundary 

condition of 226 m at the downstream boundary to obtain a mesh that was not dry for a CRISSP2D 

cold start run. Figure 3-43 illustrates the entire completed mesh as it is displayed within SMS 10.1 

with added axes and Figure 3-44 shows a more detailed view of the completed mesh and 

examples of the different discussed boundaries for the region highlighted in Figure 3-43. It should 

be noted in Figure 3-44 that the concrete dock at the forks was flooded at the time that the 

satellite imagery was taken, but detail protruding the water surface at its edge was still visible 

and used for the delineation.
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Figure 3-43: Final developed mesh 
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Figure 3-44: Final developed mesh: detailed view
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3.2.3.2 Hydrodynamic Calibration 

A hydrodynamic calibration of the study reach was performed on the basis of minimizing the root 

mean square error of simulated water surface elevations against those recorded by deployed 

leveloggers, using Manning’s n as a calibration parameter. However, because the bed and bank 

materials on the Assiniboine River within the study reach vary so significantly, it is thought that 

only defining Manning’s n for the bed and banks alone is too simplistic of an approach for this 

two-dimensional model. Additionally, in order to simulate a sub-critical flow regime, an upstream 

flow and downstream water surface elevation needs to be defined using time-series data for any 

simulation period. 

The upstream boundary condition was modeled using hourly flow data taken from the 

Assiniboine River at Headingley gauge (05MJ001) from Water Survey of Canada (2015-2018). 

Although the downstream water surface elevation would have preferably been taken using 

ARLOG01 data, inconsistencies in its deployment over the duration of the monitoring program 

restricted its consistent use over the selected calibration periods. Thus, water surface elevations 

for the downstream boundary have been interpolated between the Red River at James Avenue 

Pumping Station gauge (05OJ015) from Water Survey of Canada and the Fort Garry Bridge 

ultrasonic gauge provided by the City of Winnipeg (2015-2018). As the James Avenue gauge is 2 

km downstream and the Fort Garry Bridge gauge is 16 km upstream, this interpolation is heavily 

downstream weighted and results in only mild increases in elevation over those at James Avenue 

readings. It should also be noted that because the Assiniboine River typically freezes up in 
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advance of the Red River, data provided by the City’s ultrasonic sensor is not disturbed by the 

presence of an ice cover for the periods selected. 

During a low flow period in the Fall of 2017, photographic site surveys were performed on the 

Assiniboine River to define bank material classifications and provide approximate element 

assignments of these classes over the mesh developed for CRISSP2D. The 4 element roughness 

categories were defined as no, light, medium, and heavy riprap, using qualitative judgement 

based on both the size of riprap and the accumulation of cohesive sediment deposited. Figure 

3-45 shows several photographs that were taken to provide the discussed data while Figures 3-46 

and 3-47 illustrate their application to the mesh developed in Section 3.2.3.2. 

 

Figure 3-45: Assiniboine River roughness classification survey
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Figure 3-46: Final developed mesh with material assignments 
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Figure 3-47: Final developed mesh: detailed view with material assignments
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Using the data available prior to the 2017-2018 freeze-up, 4 hydrodynamic calibration and 

validation periods were identified, each with a length of 1 month. Of these 4 periods, 1 is 

representative of a low flow scenario (≈60 cms avg), 2 of a medium flow scenario (≈150 cms avg), 

and 1 of a high flow scenario (≈300 cms avg). Despite the leveloggers having been deployed with 

the intention of capturing freeze-up and break-up data and being retrieved during the open 

water period, the periods selected should be free from the influence of hydraulic resistances 

induced by ice. Additionally, these periods have only been compared to the water surface 

elevation recorded from some combination of the ARLOG02-05 stations, depending on the 

availability of data that year. Figure 3-48 illustrates the locations of leveloggers used in the 

calibration as well as the location of the interpolated downstream control discussed previously. 

Table 3-6 shows the calibration and validation periods selected and their respective data 

availability, where the selected medium flow case calibration period is bolded. 

 

Figure 3-48: Assiniboine River hydrodynamic calibration sites 
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Table 3-6: Calibration periods and data availability 

Period ARLOG02 ARLOG03 ARLOG04 ARLOG05 Flow Case 

Sept 15 – Oct 15, 2015 ✔   ✔ Low 

Apr 25 – May 25, 2016 ✔   ✔ Medium 

Oct 15 – Nov 15, 2016 ✔ ✔ ✔ ✔ Medium 

Apr 25 – May 25, 2017 ✔ ✔ ✔ ✔ High 

Although only 4 element classifications were defined, this calibration had 8 decision variables. 

The additional decision variables arise from a second Manning’s n parameter that is to be defined 

for each classification in CRISSP2D. A “cnn” value at each element represents the ordinary 

Manning’s roughness (n) for an element, while an additional “cnnbdr” parameter is a multiplier 

applied to the Manning’s roughness of the overbank flow at a boundary. As was noted in Section 

3.2.3.1, the density of the developed mesh up to this point was selected to reduce the 

computation time, which is of significant importance to provide a more rapid calibration of the 

models’ hydrodynamics. As a result, 23 calibration runs were performed, each taking 

approximately 12 hours to complete using a computer with an Intel Core i7 860, before further 

modifications to the Manning’s n classifications showed little to no improvement. A final RMSE 

of 4.42 cm, exhibiting minor underestimation throughout the simulation period was found as a 

minimum. Figure 3-49 illustrates the input hydrograph and resulting simulation data for the final 

calibration run and Table 3-7 lists the calibrated roughness parameters to achieve these results. 
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Figure 3-49: Hydrodynamic calibration period (Oct 15 - Nov 15, 2016) 

Table 3-7: Calibrated roughness parameters 

Roughness Category cnn cnnbdr 

No Riprap 0.018 2.25 

Light Riprap 0.022 1.50 

Medium Riprap 0.037 1.25 

Heavy Riprap 0.060 1.25 

The remaining periods were then used to validate the results of the calibration. Figure 3-50 shows 

the September 15th to October 15th, 2015 hydrodynamic validation period, which had a RMSE of 

7.49 cm with minor overestimation over the entire period (low flow scenario). It should also be 

noted that this flow period was simulated with daily flow data and was not subject to any post 

processing to smooth it out (increasing the perceivable error). Additionally, as was discussed in 

Section 3.2.1.1, ARLOG03 and ARLOG04 were not deployed during this field season yet. 
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Figure 3-50: Hydrodynamic validation period (Sept 15 – Oct 15, 2015) 

Figure 3-51 shows the April 25th to May 25th, 2016 hydrodynamic validation period, which had a 

RMSE of 6.15 cm with minor over estimation over the entire period (medium flow scenario). 

Similarly to the previous validation period, ARLOG03 and ARLOG04 were not yet incorporated 

into the field monitoring program yet. 

 

Figure 3-51: Hydrodynamic validation period (Apr 25 – May 25, 2016) 

Figure 3-52 shows the April 25th to May 25th, 2017 hydrodynamic validation, which has a RMSE 

of 8.14 cm, with minor underestimation over the entire period. 
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Figure 3-52: Hydrodynamic validation period (Apr 25 – May 25, 2017) 

As an additional and less comprehensive validation of the hydrodynamics, a depth averaged 

velocity distribution was obtained from a CRISSP2D simulation and compared against data 

collected using the SonTek M9 just downstream of the Donald St. Bridge (or rather, just 

downstream of ARTC03). This data was collected on September 29th, 2016, when a flow rate of 

62 cms was observed. Hence, a simulation with the same static flow rate was performed and 

depth averaged velocities were extracted from nodes of the same approximate cross section. The 

resulting RMSE between these 2 datasets is just 2.98 cm/s (estimates are approximately within 

±10% of their true values) and favourably demonstrates the developed model’s ability to predict 

velocity distributions, which are a significant factor modeling thermal border ice growth. Figure 

3-53 illustrates the comparison between these data, where the cross sections have been 

centered and the first node on the left of the CRISSP2D plot is representative of a dry node. 
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Figure 3-53: Non-comprehensive hydrodynamic validation of velocity distribution 

3.2.3.3 Ice Dynamic Modeling 

Using the data provided by the processing of images captured by trail cameras, the simulation of 

border ice growth in CRISSP2D can be calibrated and validated. Enabling the ice dynamic 

components of CRISSP2D requires many additional inputs as compared to simple hydrodynamic 

simulations. Some of the parameters required include constants that provide an input for solar 

radiation based on geographical location, heat transfer coefficients used in the overall energy 

balance, and the critical velocity and temperature constants which govern thermal border ice 

growth as discussed in Section 3.1.2. Additional time-series boundary inputs include incoming 

surface and frazil ice concentrations, as well as water temperature. Lastly, time-series inputs are 

required of various climate data including air temperature [°C], visibility [km], air pressure [mb], 

cloud coverage [%], dew point [°C], precipitation (snow or rain) [mm], and wind velocity/direction 

[m/s and °counter-clockwise of East]. As thermal border ice growth was only observed in the 
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study reach over the 2015-2016 and 2017-2018 freeze-ups, only these periods were subject to 

the calibration and validation of this model. An overview of the camera locations and their fields 

of view as well as the governing jam location for the selected freeze-up periods are shown below 

in Figure 3-54. 

 

Figure 3-54: Camera locations and fields of view relevant to the CRISSP2D model 

As the closest available source of climate data to the study area is the “Winnipeg at The Forks” 

station (Government of Canada, 2015-2018), this source of data was first investigated to fulfill 

the data requirements of the CRISSP2D model. Air temperature, air pressure, and dew point were 

all available from this location, but not the other datasets. Hence, the “Winnipeg International 

Airport” station was used to obtain visibility, cloudiness, and wind velocity/direction data and 

“Winnipeg Charleswood 2” station for precipitation data, which are both near the simulated 

reach. Water temperature data was provided by ARLOG05 and although surface ice 

concentrations could also be provided by trail cameras, border ice is thermal growth dominated 

for the selected simulation periods and thus not used. 
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Table 3-8 details the values used for the various solar radiation constants used in CRISSP2D along 

with their ID and provided descriptions. Values that have been modified from their defaults are 

bolded. Geographic data was determined to be representative of the central location of the 

simulation model. The elevation of wind data was obtained from its respective data source 

(Winnipeg International Airport). 

Table 3-8: CRISSP2D solar radiation constants 

Value ID Description 

49.88 phid Geographic latitude, + for north, - for south 

10 z1 Height the wind data is measured 

230 zh Elevation from sea level 

180 alphsd Sun exit angle, 180 for horizontal 

0 alphrd Sun emission angle, 0 degree for horizontal 

1380 sio Solar constant 

90 alsm Standard longitude, in degree 

97.15 allm Local longitude, in degrees 

-1 etadir -1, for west longitude; + for east longitude 

Table 3-9 lists the parameters relevant to the heat transfer and energy balance components of 

the CRISSP2D model. These parameters have all been left at their defaults, except for the hwa 

value, which has been modified for its significant influence on river cooling. Known information 

about the study site infers that a value of hwa should be approximately 25 (W/m2 °C) when 

considering typical air temperature and wind velocities over the selected simulation periods 

(Beltaos S. , 2013). 
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Table 3-9: CRISSP2D heat transfer related constants 

Value ID Description 

25 hwa Coefficient for linearized heat flux calculation on water-air surface 

10 hia Coefficient for linearized heat flux calculation on ice-air surface 

32.547 alp Coefficient for linearized heat flux calculation on ice-air surface 

1448 cwi1 Constant for calculating heat transfer coefficient between river water 

1118 ciw1 Constant for calculating heat transfer coefficient between river water 

2.47 ata Nusselt number for calculating heat transfer coefficient between river 

2.24 xki Thermal conductivity of black ice 

1.12 xkw Thermal conductivity of white ice 

0.3 xks Thermal conductivity of snow 

80 rhos Density of snow cover 

Table 3-10 lists the few parameters that govern the growth of border ice in CRISSP2D. Because 

the border ice process being modeled is thermal growth, the critical water surface temperature 

(tc) and critical velocity (vcrbom) parameters have been selected for calibration as well. 

Table 3-10: CRISSP2D border ice formation constants 

Value ID Description 

C tc Critical water surface temperature for border ice formation 

0.25 vcrskm Critical velocity above which skim ice will not form 

C vcrbom Critical velocity above which static border ice will not form 

1.0 anmaxborder Shore ice accumulation does not occur when average flow velocity 

As the precision of simulated growth rate of border ice using CRISSP2D is highly dependent on 

the density of mesh used, the mesh developed in the previous 2 sections was modified to more 

appropriately suit the needs of the ice dynamics calibration. The first modification was to limit 

the length of the mesh to just the region where border ice growth data had been collected. Thus, 
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this cropping location was selected just downstream of the Osborne Street bridge piers (just 

upstream of ARTC04’s field of view). With approximately half of the upstream mesh removed 

from the domain, the mesh was then refined which increased the number of nodes and elements 

to 9120 and 17268 respectfully. This refinement corresponds to an increase in cross-section 

resolution from approximately 10 to 20 nodes at a given measurement site. Figure 3-55 

demonstrates the impact of this refinement on the mesh. 
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Figure 3-55: Final developed mesh: detailed view before and after refinement
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4 Discussion of Results 

4.1 Analysis of River Monitoring Data 

4.1.1 Field Observations 

The following subsections provide a detailed chronology of river ice formation events observed 

over the study area and periods. The discussion of data presented includes the recordings of 

deployed Solinst Leveloggers, Seabird temperature loggers, and trail cameras. Like the surveys 

presented earlier in this document, all water surface elevations are reported with respect to the 

CGVD28. Figures illustrating the evolution of the field monitoring program over the Red and 

Assiniboine River were presented in Section 3.2.1.1. Although river ice breakup data has also 

been collected through the field monitoring program, only freeze-up data has been presented, 

as ice formation processes are the focus of this research. 

In addition to data collected in the field unique to this thesis, water surface elevations and 

discharges have been collected from a combination of the City of Winnipeg (2015-2018) and 

Water Survey of Canada (2015-2018) when and where available. Because some of the datasets 

have been acquired so recently, several are provisional (particularly in during the 2017-2018 

freeze-up), but are presented anyway for completeness. Tables 4-1 and 4-2 list the details of all 

equipment deployed unique to this thesis on the Assiniboine and Red River, while Tables 4-3 and 

4-4 summarize the hydrometric data collected from Water Survey of Canada and the City of 

Winnipeg. Stations for the Assiniboine River were determined with respect to upstream distance 

from the confluence with the Red River, while stations for the Red River were determined with 

respect to the upstream distance from the Breezy Point logger location (RRLOG01). 
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Table 4-1: Assiniboine River logger details 

Data Series Station [m] Level Temperature Description of Location 

ARLOG01 311 X X The Forks Dock 

ARLOG02 1613 X  Osborne Bridge 

ARLOG03 2282 X  Cornish Ave. 

ARLOG04 2933 X  Hugo Dock 

ARLOG05 3763 X X Sherbrook St. Bridge 

ARLOG06 6330 X X Omand’s Creek 

ARLOG07 7059 X  St. James Bridge 

ARLGO08 7356 X  Jae Eadie Park 

ARLOG09 9415 X X Assiniboine Park Foot Bridge 

ARLOG10 10117 X  Assiniboine Park Zoo 

ARLOG11 11833 X  Moray St. Bridge 

ARLOG12 18226 X X West Perimeter Bridge 

ARLOG13 25950  X Taylor Bridge in Headingley 

Table 4-2: Red River logger details 

Data Series Station [m] Level Temperature Description of Location 

RRLOG01 0  X Breezy Point 

RRLOG02 26530 X X Lower Fort Garry 

RRLOG03 85690  X South Perimeter Bridge 

RRLOG04 109460  X St. Adolphe Bridge 

Table 4-3: Water Survey of Canada hydrometric data sources 

Data Series Station [m] Gauge Data Type River and Description of Location 

Selkirk 17380 050J005 
Flow and 

Elevation 
Red – River Rd. Bridge 
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James 60480 050J015 Elevation Red – James Avenue Pumping Station 

Ste. Agathe 126860 050C012 Flow Red – Ste. Agathe Bridge 

Taylor 25950 05MJ001 
Flow and 

Elevation 
Assiniboine – Same as ARLOG13 

Table 4-4: City of Winnipeg hydrometric data sources 

Data Series Station [m] Data Type River and Description of Location 

Kildonan 51380 Elevation Red – Kildonan Settlers Bridge 

Fort Garry 76760 Elevation Red – Fort Garry Bridge 

Newton 85690 Elevation Red – South Perimeter Bridge 

St. Norbert 88530 Elevation Red – St. Norbert Community Centre 

Osborne 1613 Elevation Assiniboine – Same as ARLOG02 

Maryland 3840 Elevation Assiniboine – Just U/S of ARLOG05 

St. James 7059 Elevation Assiniboine – Same as ARLOG07 

Charleswood 11833 Elevation Assiniboine – Same as ARLOG10 

Perimeter 18226 Elevation Assiniboine – Same as ARLOG11 

The 2015-2016, 2016-2016, and 2017-2018 freeze-up periods have been identified as the period 

starting approximately when the Red and Assiniboine River first exhibit signs of freezing (super 

cooling of water and ice generation) and ending approximately when a competent ice cover has 

formed (stabilized water surface elevations and 100% ice coverage at monitoring sites). Where 

this period has been identified to be less than a month in length, a month-long window was 

identified instead. The freeze-up periods identified are listed below in Table 4-5. 
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Table 4-5: Identified freeze-up start and end dates 

Freeze-up Period Start Date End Date 

2015-2016 November 20th 2015 December 25th 2015 

2016-2017 November 25th 2016 December 25th 2016 

2017-2018 November 1st 2017 December 1st 2017 

Despite a significant number of trail camera images having also been captured during this field 

monitoring program, the photos of these cameras have been omitted, but are referenced where 

necessary to support the observations inferred using level and temperature loggers. For trail 

cameras where significant thermal border ice growth suitable for digital image processing has 

been observed, the chronology of these relevant datasets was discussed in Section 3.2.2.1. Any 

remaining monitoring data not presented here can be found in Appendix A. 

2015-2016 Freeze-up: 

Figures 4-1 and 4-2 illustrate the water surface elevations and flow rates for the 2015-2016 

freeze-up on the Assiniboine River. Most water elevations provided are as recorded from the 

deployed Solinst Leveloggers, while the flow rate and one elevation has been provided from the 

Water Survey of Canada (2015-2018) gauge, Assiniboine River at Headingley (05MJ001). As 

highlighted by these figures, a freeze-up jam occurred for the Assiniboine River on the night of 

November 22nd between the ARGLOG02 and ARLOG03 sites, due to an accumulation of frazil ice, 

as witnessed using photos from ARTC04. Due to there being an open water section downstream 
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of this jamming location, thermal border ice growth was observed on the Assiniboine River until 

December 25th, when 100% river ice coverage formed. 

 

Figure 4-1: 2015-2016 Assiniboine River freeze-up water surface elevations 

 

Figure 4-2:2015-2016 Assiniboine River freeze-up discharge  

The 2015-2016 freeze-up jam resulted in increases of water surface elevation as high as 

approximately 1.5 m nearest the jamming site, with reduced influence as distance upstream 

increases. Also notable is the decrease in discharge that occurs at the same time as the freeze-

up jam, due to a decrease in hydraulic gradient over the reach. However, as noted by ARLOG11, 

ARLOG12, and Taylor, the freeze-up jam also resulted in drops in water surface elevation, likely 
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due to the decreased discharge and upstream distance from the jam and resulting gradual return 

to normal depth. One explanation for this observation may be that another ice jam further 

upstream on the Assiniboine River than the study area formed, reducing the discharge 

downstream of it.  

Figures 4-3 and 4-4 show a detailed view of the 2015-2015 Assiniboine freeze-up water surface 

elevations and a series of trail camera images for additional context. The periods selected 

illustrate the significant ice events and the lag time between each over the study reach during 

freeze-up. The first, second, and third row of images are taken from ARTC12, ARTC08, and 

ARTC07 respectfully and were selected based on data availability (some camera lenses were 

covered in snow during the selected periods). These photos demonstrate the ice jam associated 

with observed increases in river elevation (row 2 and 3) and lack of river elevation increase when 

no jamming occurs and the distance from the downstream jam is great enough (row 1). 

 

Figure 4-3: 2015-2016 Assiniboine River freeze-up detailed water surface elevations 
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Figure 4-4: 2015-2016 Assiniboine River freeze-up trail camera images 

Coinciding with the 2015-2016 freeze-up jam was the timing of the supercooled water in the 

Assiniboine River. Figure 4-5 illustrates the data collected from all deployed Seabird temperature 

loggers from the 2015-2016 freeze-up and demonstrates the effect that incoming solar radiation 

can have on unsheltered logging equipment. Figure 4-6 removes the data collected from 

ARLOG01, ARLOG12, and ARLOG13, which exhibited significant diurnal heating and cooling of 

water, making the presentation of the supercooling curve difficult. As noted by the water 

temperatures presented, the timing of the freeze-up jam due to high frazil generation occurs very 

shortly after the supercooling, as supported by the literature and observed trail camera images. 
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Figure 4-5: 2015-2016 Assiniboine River freeze-up water temperatures 

 

Figure 4-6: 2015-2016 Assiniboine River freeze-up detailed water temperatures 

No Solinst Leveloggers were deployed on the Red River during the 2015-2016 freeze-up, 

however, water surface elevations were collected by both the City of Winnipeg and Water Survey 

of Canada as illustrated in Figure 4-7. Figure 4-8 illustrates discharge measurements provided by 

Water Survey of Canada. Unlike the Assiniboine River during the 2015-2016 freeze-up, the Red 

River did not experience dramatic increases in stage during the freeze-up jam, which occurred on 

November 26th. This observation supports the increased focus on freeze-up processes for the 

Assiniboine River during this research, which are much more dynamic.  
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Figure 4-7: 2015-2016 Red River freeze-up water surface elevations 

 

Figure 4-8: 2015-2016 Red River freeze-up discharge 

Similar to the Assiniboine River, a reduction in discharge is observed on November 22nd. Although 

the reduction in flow rate observed on the Red River appears greater over this period than the 

Assiniboine River based on the provided data, the difference can be partially attributed to the 

hourly data resolution for the Water Survey of Canada gauge, Red River at Selkirk (050J005) vs 

daily resolution presented here. The data observed for the Red River upstream of its confluence 

with the Assiniboine River, provided by the Water Survey of Canada gauge, Red River Near Ste. 



 

159 

 

Agathe (050C012), supports the reasoning for this flow differential. The sum of flows from the 

Ste. Agathe and Taylor dataset should be approximately equal to the flow in Selkirk. 

Figure 4-9 illustrates the water temperatures recorded by Seabird temperature loggers for the 

Red River during the 2015-2016 freeze-up. As noted in this plot and similar to the Assiniboine 

dataset, there are loggers which recorded data that are not suitable for the analysis of freeze-up. 

In particular, RRLOG01 appears to have been deployed in too shallow of water, resulting in high 

temperatures before November 30th and unrealistically low water temperatures after this date. 

The low temperatures suggest that the temperature logger was embedded in ice during the 

freeze-up and thus not recording the temperature of water. The overall increased water 

temperatures of RRLOG04 and lack of supercooling curve suggest that frazil ice would not have 

been produced near this location during the 2015-2016 freeze-up. 

 

Figure 4-9: 2015-2016 Red River freeze-up water temperatures 

Figure 4-10 removes the RRLOG01 and RRLOG04 data, leaving just RRLOG02 and RRLOG03 data. 

RRLOG02 exhibits a supercooling curve similar to those observed on the Assiniboine River, 

supporting the timing of frazil ice generation and the freeze-up jam on the Red River as observed 
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using the deployed trail cameras. Higher temperatures at RRLOG03 suggest that frazil ice was not 

generated at the site during the freeze-up period. 

 

Figure 4-10: 2015-2016 Red River freeze-up detailed water temperatures 

2016-2017 Freeze-up: 

The freeze-up that occurred over the 2016-2017 field season occurred much later than in 2015-

2016. The recorded water surface elevations and discharge for the 2016-2017 freeze-up on the 

Assiniboine River is illustrated in Figures 4-11 and 4-12. The freeze-up jam occurred on December 

8th near the outlet of the Assiniboine River to the Red River, due to a bridging event that occurred 

between the piers of the foot bridge at The Forks as observed using photos from ARTC01. It 

should also be noted that based on the recordings of ARLOG05, it appears that both the 

levelogger and temperature logger at this site were embedded in the freeze-up jam. Similar to 

RRLOG01 during the 2015-2016 freeze-up, unrealistically low water temperatures were observed 

in addition to the obviously incorrect pressure readings presented below. 
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Figure 4-11: 2016-2017 Assiniboine River freeze-up water surface elevations 

 

Figure 4-12: 2016-2017 Assiniboine River freeze-up discharge 

Unlike the 2015-2016 freeze-up, the decreases in water surface elevation due to the decrease in 

discharge occurred much further downstream during the 2016-2017 freeze-up. Only as far 

upstream as ARLOG05 were minimal increases in stage observed, before also falling shortly after. 

This suggests that another jam occurred somewhere upstream of the study area at the same 

time, reducing the downstream flow available to the observed jam and producing a negative 

wave.  
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Figures 4-13 and 4-14 show a detailed view of the 2016-2017 Assiniboine freeze-up water surface 

elevations and a series of trail camera images for additional context. The first, second, and third 

row of images are taken from ARTC11, ARTC09, and ARTC07 respectfully and were again selected 

based on data availability. The periods selected illustrate the significant ice events and the lag 

time between each over the study reach during freeze-up. Although mechanical freeze-up 

jamming was observed at all trail camera locations, the lack of overall water surface elevation 

increases at ARLOG05 and sites further downstream, suggest that the most hydraulically 

restrictive region of the jam existed between sites ARLOG05 and ARLOG07. It is also likely that 

the predicted jam upstream of the study site reduced the significance of the observed jam. That 

is, the reduction in upstream flow resulted in lower increases in stage at the observed ice jam 

sites than would have otherwise occurred. 

 

Figure 4-13: 2016-2017 Assiniboine River freeze-up detailed water surface elevations 
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Figure 4-14: 2015-2016 Assiniboine River freeze-up trail camera images 

Because of the proximity of the observed jam with the Red River, no thermal border ice growth 

was observed on the Assiniboine River during the 2016-2017 freeze-up, except in some cases at 

open water sections downstream of bridge piers such as the Moray St. Bridge and Taylor Bridge, 

where high local velocities can be observed. The thermal border ice observed at these locations 

however was either outside the domain of the CRISSP2D model developed or trail camera 

imagery was inadequate for image processing and thus not physically measured. 

The water temperatures recorded for the 2016-2017 freeze-up on the Assiniboine River are 

presented in Figures 4-15 and 4-16 in both an overall and detailed view. Due to the significant 
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variability of water temperature readings obtained from ARLOG05, the data for this site has been 

discarded in favour of providing a cleaner illustration of the collected datasets. Although the 

Assiniboine River became supercooled after a snow fall event on December 1st, the supercooling 

and subsequent generation of frazil was not sustained long enough for a freeze-up jam to occur. 

As noted in the presented data, a second supercooling event occurred on December 7th, after a 

more significant snow fall event on December 6th, which ultimately led to the December 8th 

freeze-up jam on the Assiniboine River. 

 

Figure 4-15: 2016-2017 Assiniboine River freeze-up water temperatures 

 

Figure 4-16: 2016-2017 Assiniboine River freeze-up detailed water temperatures 
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The Red River also experienced a freeze-up jam the same day, very shortly before the Assiniboine 

as can be seen by the elevation and discharge data presented in Figures 4-17 and 4-18. As found 

in Figures 4-19 and 4-20, the Red River was only observed to attain supercooled water 

temperatures at one of the sites after the snow fall event on December 6th, leading to the jam 

that formed on December 8th. As RRLOG01 appeared to have been embedded in the freeze-up 

jam again this year, the data from this logger has been omitted from the presented figures. Based 

on the observed data, the jam initiated downstream of the study reach, causing a rise in water 

level at the RRLOG02 site. However, the significant outflow reduction from the Assiniboine River 

appears to have influenced even greater drops in stage at the gauges located in Winnipeg.  

 

Figure 4-17: 2016-2017 Red River freeze-up water surface elevations 
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 Figure 4-18: 2016-2017 Red River freeze-up Discharge  

 

Figure 4-19: 2016-2017 Red River freeze-up water temperatures 

 

Figure 4-20: 2016-2017 Red River freeze-up detailed water temperature 

An an additional note for the 2016-2016 Red River freeze-up data presented, the water surface 

elevation and flow dataset for Selkirk was incomplete. Thus, discharges have been estimated for 

the incomplete section by summing the discharges from Taylor and Ste. Agathe. 
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2017-2018 Field Season: 

Due to the deadlines of this research, much of the data from the 2017-2018 field season has been 

omitted except that which was required for the analysis presented in Sections 4.2 and 4.3. This 

omittance is due to the deployed Solinst Leveloggers and Seabird temperature loggers being 

mostly inaccessible until high spring water levels are reduced. Although unused here, the data 

collected may be used in future studies of the Red and Assiniboine River. Data that was available 

from Water Survey of Canada and the City of Winnipeg has been presented, but it should be 

noted that these datasets were provisional at the time of acquisition. 

A freeze-up jam occurred on the Assiniboine River on November 5th between the ARLOG02 and 

ARLOG03 sites, following a snow fall event that occurred on November 4th. As noted in Figures 

4-21 and 4-22, this jam resulted in a rise in water surface elevation just upstream of the jam 

(Maryland gauge is within 100 m of ARLOG05) and a reduction in discharge, similar to previous 

freeze-ups (although less dramatic due to the significantly lower pre-freeze-up discharge). 
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Figure 4-21: 2017-2018 Assiniboine River freeze-up water surface elevations 

 

Figure 4-22: 2017-2018 Assiniboine River freeze-up discharge 

One of such datasets retrieved in the field from the Assiniboine River was the Seabird 

temperature logger deployed at ARLOG06, which was the most closely available upstream logger 

to provide water temperature data for the developed CRISSP2D model. The tether for ARLOG05 

was cut during the 2017-2018 break-up, hence ARLOG06 was used instead of ARLOG05 for the 

upstream boundary of the CRISSP2D model. The data collected from this site is illustrated in 

Figures 4-23 and 4-24. As noted by this dataset, it can be observed again that the freeze-up jam 
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occurred shortly after the supercooling of water and subsequent generation of frazil ice as 

witnessed from trail camera imagery. 

 

Figure 4-23: 2017-2018 Assiniboine River freeze-up water temperature 

 

Figure 4-24: 2017-2018 Assiniboine River freeze-up detailed water temperature 

Figures 4-25 and 4-26 illustrate the water surface elevations and discharge observed on the Red 

River for the 2017-2018 freeze-up. Likely due to low discharges, the 2017-2018 freeze-up on the 

Red River was relatively uneventful. Although a freeze-up jam occurred on November 8th, no 

water temperatures have yet to be analyzed to determine the offset between the jam and the 

supercooling of water. However, frazil ice was first observed on the Red River on November 6th, 

thus it can be inferred that supercooling of the river occurred shortly before. 
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Figure 4-25: 2017-2018 Red River freeze-up water surface elevations 

 

Figure 4-26: 2017-2018 Red River freeze-up discharge 

4.1.2 Ice Formation Characterization 

The characteristics of ice formation at various sites have been determined using the images 

captured from trail cameras over the 2015-2016, 2016-2017, and 2017-2018 field seasons on the 

Assiniboine River. The characteristics observed include the generation of frazil or skim ice runs 

and the dominant mechanism for border ice growth (thermal or mechanical). Using channel 

geometries measured by the Hydraulics Research & Testing Facility and City of Winnipeg, as well 

as an approximation of Manning’s roughness based on hydraulic modeling, average channel 
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velocities at trail camera locations can be estimated. Figure 4-27 illustrates photos from ARTC11 

that are classified as skim (top) and frazil (bottom) ice dominated as an example. 

 

 

Figure 4-27: Skim (top) and frazil (bottom) ice classification 
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These datasets can then be used to demonstrate the relationship between ice formation 

characteristics to water velocity and channel geometry as shown in Figure 4-28. Each marker in 

the plot illustrates the ice characteristics for a trail camera site before freeze-up jamming 

occurred, where “TBorder” represents thermal border ice growth and “MBorder” represents 

mechanical border ice growth. In particular, the presented data illustrates the dependence on 

low water velocities for the formation of skim ice runs rather than frazil ice. Increases in hydraulic 

radius appear to further limit the minimum velocity required for a skim ice run to form, which 

infers that channels with a larger wetted perimeter (or top width) are more likely to see the 

formation of skim ice runs rather than frazil ice due to greater heat fluxes. 

 

Figure 4-28: Ice formation characterization before freeze-up jams 

Unfortunately, there appears to be no correlation between the border ice growth mechanism 

and hydraulic radius or average channel velocity from the data analyzed. The formation 
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mechanism of border ice instead is likely to be more dependent on local water velocity at water 

surface boundaries and the presence of frazil ice. 

4.2 Digital Image Processing 

4.2.1 Calibration Results 

The image processing algorithm was calibrated using Particle Swarm Optimization with photos 

from the Donald St. Bridge (ARTC03) and Bonnycastle Park tree (ARTC02) cameras from the 2015-

2016 freeze-up. A calibration was performed for each site, once using half the photos from a 

respective site and once again using all photos, which will herein be referred to as the half 

calibrations and cross calibrations.  

Split calibrations have been performed to demonstrate the performance of the algorithm if used 

to process images with similar image quality and ice growth characteristics to the calibration set, 

but were not included in the calibration set. Cross calibrations were performed to validate the 

algorithm if used at the same camera site during a different year or a different camera site from 

any year to test the robustness of the calibrated algorithm. The validation of a split calibration 

provides a best-case scenario for algorithm performance, while the validation of a cross 

calibration at the same site during another year or for another site provides a demonstration of 

its practical performance. 

As was discussed in Section 3.2.2.4.1, each image series was sorted into 1 of 6 image 

classifications which were calibrated for individually. These individual calibrations provided the 

algorithm improved flexibility to process images with differing lighting and ice characteristics. 

The photos sorted into each classification for all of the calibrations are listed in Table 4-6 and it 
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should be noted that images most closely resembling class 2 and 4 for ARTC03 were discarded 

for being too dark to process (class 0). 

Table 4-6: Calibration image series classifications 

 

Class 

2015-2016 

ARTC02 Cross 

2015-2016 

ARTC02 Split 

2015-2016 

ARTC03 Cross 

2015-2016 

ARTC03 Split 

1 31 16 61 31 

2 4 2 0 0 

3 23 12 16 8 

4 11 5 0 0 

5 16 7 64 32 

6 7 3 111 55 

Total 92 45 252 126 

The following sub-sections demonstrate the performance of the calibrations performed, while a 

summary of the calibration parameters can be found in Appendix B. 

2015-2016 Bonnycastle Park Tree Camera (ARTC02): 

Figure 4-29 illustrates the results of the cross calibration of the Bonnycastle Park tree camera 

image series during the 2015-2016 freeze-up. As demonstrated by the comparison of manual 

image analysis to the algorithm results, the overall calibration performance for this image series 

is strong. The algorithm appears to perform strongest using class 5 and 6 images, likely due to 

their simplistic characteristics (snow covered ice). Ice growth in class 3 and 4 images is often 

underestimated and is due to the ice-water interface having a very low contrast in the images 

and the snow-ice interface being selected. Strong performance is also found for class 1 & 2 

images, despite ice striations and potentially unfiltered frazil ice being present in the analyzed 
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images. The overall RMSE for the cross calibration of the 2015-2016 ARTC02 camera was 89.6 

pixels or 229.0 cm over 92 images. 

 

Figure 4-29: 2015-2016 ARTC02 cross calibration 

Figure 4-30 illustrates the results of the split calibration of the Bonnycastle Park tree camera 

image series during the 2015-2016 freeze-up. Unsurprisingly, the calibration performance of the 

2015-2016 ARTC02 split calibration is improved when compared to the cross calibration. This 

improvement is simply due to the lower quantity of images providing a less restrictive calibration. 

However, despite an overall better calibration result, similar underestimation of ice growth can 

be observed for class 3 and 4 images. The overall RMSE for the split calibration of the 2015-2016 

ARTC02 camera was 64.0 pixels or 163.4 cm over 45 images. 
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Figure 4-30: 2015-2016 ARTC02 split calibration 

2015-2016 Donald St. Bridge Camera (ARTC03): 

Figure 4-31 illustrates the results of the cross calibration for the Donald St. Bridge camera image 

series during the 2015-2016 freeze-up. Relative calibration performance at this site is similar to 

that resulting from the 2015-2016 ARTC02 freeze-up, owing to its close proximity and for 

occurring over the same freeze-up period. Class 5 and 6 once again show the strongest 

performance, but with some minor error exhibited during the night and snowfall following 

December 16th. Underestimation for class 3 images is once again exhibited in this calibration, 

with class 1 images also being underestimated more often than during the ARTC02 split 

calibration. It should be noted that the dominant ranges for dates of image classifications vary 

between image series’ due to the qualitative manner in which they were sorted. Although the 

relative performance between the 2015-2016 ARTC02 and ARTC03 calibrations may appear 

similar, due to the spatial resolution of each dataset discussed in Section 3.2.2.3, the absolute 
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performance of the calibration of for ARTC03 is significantly greater. The overall RMSE for the 

cross calibration of the 2015-2016 ARTC03 camera was 21.1 pixels or 27.1 cm over 252 images. 

 

Figure 4-31: 2015-2016 ARTC03 cross calibration 

Figure 4-32 illustrates the results of the split calibration for the Donald St. Bridge camera image 

series during the 2015-2016 freeze-up. The overall RMSE for the split calibration of the 2015-

2016 ARTC03 camera was 50.5 pixels or 65.1 cm over 126 images. Surprisingly, the calibration 

performance for the ARTC03 split calibration is overall worse than the cross calibration. This 

difference in performance infers that this calibration has only found a local minimum with respect 

to the RMSE. However, for the majority of images analyzed, there appears to be a better fit to 

the manually analyzed images with the outliers in this case being very obvious. Thus, despite a 

quantitatively worse metric of performance being resolved from this calibration, it is possible 

that this calibration may be more robust in practical applications (particularly if the outliers can 
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reliably be removed). However, only cross calibrations have been used to validate photos from 

other cameras or freeze-up periods. 

 

Figure 4-32: 2015-2016 ARTC03 split calibration 

4.2.2 Validation Results  

The validation is an attempt to demonstrate the performance of the image processing algorithm 

in both favourable and non-favourable scenarios of application. As noted in Section 3.2.2.7, 

validations have been performed using different combinations of same site/year and different 

site/year. These calibration and validation combinations include the: 

• Split validation of 2015-2016 ARTC02, with the split 2015-2016 ARTC02 calibration 

• Split validation of 2015-2016 ARTC03, with the split 2015-2016 ARTC03 calibration 

• Validation of 2017-2018 ARTC03, with the 2015-2016 ARTC02 & ARTC03 cross calibrations 

• Validation of 2017-2018 ARTC04, with the 2015-2016 ARTC02 & ARTC03 cross calibrations 
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Additionally, a filtering methodology has been implemented to remove outliers from the 

algorithm results, which could be implemented in practice to improve performance. The filter 

removes any incremental ice measurement that exceeds 25% growth or 20% recession relative 

to the river top width. Rather than relying on the first measurement to be accurate, the total 

pixel width of the image series is used as a proxy for the first acceptable measurement, which 

assumes that the images have been horizontally cropped near the first measurable ice-water 

interfaces. Although the accuracy of this filtering method relies heavily on the temporal 

resolution of the image series over the analysis period (quick ice events can exceed these 

thresholds), the filter has shown mostly favourable results for the presented set of image data. 

The sorted photo classifications for all validations are listed in Table 4-7. Of particular interest in 

the image classifications for the 2017-2018 freeze-up is the lack of class 5 and 6 images, which 

have proven during the calibration to be the easiest to process. 
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Table 4-7: Validation image series classifications 

 

Class 

2015-2016 

ARTC02 Split 

2015-2016 

ARTC03 Split 

2017-2018 

ARTC03 

2017-2018 

ARTC04 

1 15 30 35 38 

2 2 0 4 3 

3 11 8 35 65 

4 6 0 2 32 

5 9 32 0 4 

6 4 56 0 2 

Total 47 126 76 144 

2015-2016 Bonnycastle Park Tree Camera (ARTC02): 

Figure 4-33 shows the results of the 2015-2016 ARTC02 split validation performed using the 

remaining half of the photos not used in the calibration. This type of validation serves as a best-

case scenario for the type of performance that can be expected out of the algorithm, given that 

it is analyzing images of similar ice and image quality characteristics. Overall the fit is good, 

although there are a similar number of outliers when compared to the calibration, in addition to 

similar underestimation of ice growth for images with class 3 characteristics. The performance of 

this validation is represented by a RMSE of 239.1 pixels or 610.8 cm. Applying the provided 

filtering methodology, the RMSE is reduced to 120.1 pixels or 306.9 cm by filtering out 6 of the 

47 images from the series. The majority of removed data are significant outliers, although the 

filtering method does result in a false positive for a photo on the 4th of December. 
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Figure 4-33: 2015-2016 ARTC02 split validation 

2015-2016 Donald St. Bridge Camera (ARTC03): 

Figure 4-34 shows the results of the 2015-2016 ARTC03 split validation performed using the 

remaining half of the photos used in the calibration. The RMSE before filtering for this analysis is 

34.7 pixels or 44.6 cm, which is surprisingly better than what was achieved in the calibration. The 

stronger performance of the validation is likely due to images in the validation set having 

marginally better overall image quality. With filtering applied, the RMSE for this photo series is 

reduced to 23.9 pixels or 30.8 cm by removing 2 out of the 126 measurements. Although it is 

apparent from the presented comparison that lowering the filtering thresholds would provide 
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better results in this case, the filtering thresholds were selected based on optimizing the 

performance of all validation sets and to remain consistent between them. 

 

Figure 4-34: 2015-2016 ARTC03 split validation 

2017-2018 Donald St. Bridge Camera (ARTC03): 

The 2017-2018 Donald St. Bridge photo series has been used to validate the cross calibration 

from both the 2015-2016 Bonnycastle Park and Donald St. Bridge photo series, which can be 

found in Figures 4-35 and 4-36 respectfully. As expected, the performance of both validations is 

worse than the split validations due to the differing image quality and ice formation 

characteristics from their respective calibrations. In addition to the ARTC02 calibration being 

from a different site, there are significant spatial resolution differences between each image 

series. These spatial resolution differences are largely attributed to the 2015-2016 ARTC02 

camera being mounted to a tree on the river bank, which resulted in significantly more oblique 
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photographs, and the 2015-2016 ARTC03 camera using orthorectification instead of 

georectification.   

 

Figure 4-35: 2017-2018 ARTC03, Validation of 2015-2016 ARTC02 

 

Figure 4-36: 2017-2018 ARTC03, Validation of 2015-2016 ARTC03 
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Another consideration is the characteristics of skim ice early in the 2017-2018 ARTC03 image 

series, which are too large to be removed using the calibrated binary object property filtering 

parameter and reduce the accuracy of the algorithm’s target detection routine. The selection of 

skim ice floes during target detection results in some significant over estimation of ice growth 

during the early analysis. Photos demonstrating both significant and insignificant skim ice during 

the period of November 3rd to 5th is provided in Figure 4-37. The resulting RMSE for the 2015-

2016 ARTC02 calibration is 293.0 pixels or 748.6 cm before filtering and 184.0 pixels and 470.2 

cm after filtering. For the 2015-2016 ARTC03 calibration, the RMSE is 272.7 pixels and 696.8 cm 

before filtering and 138.4 pixels and 353.7 cm after filtering. 

   

Figure 4-37: 2017-2018 ARTC03 insignificant (left) vs significant (right) skim ice 

2017-2018 Osborne St. Bridge Camera (ARTC04): 

The 2017-2018 Osborne St. Bridge photo series has been used to validate the cross calibration 

from both the 2015-2016 Bonnycastle Park and Donald St. Bridge photo series, which can be 

found in Figures 4-38 and 4-39 respectfully. Similar to the 2017-2018 ARTC03 validation, it is once 

again expected that the performance of the 2017-2018 ARTC04 validation be lower than that of 

the idealized split validations performed earlier. Although skim ice was of a similar concern in this 



 

185 

 

image series like in the 2017-2018 ARTC03 image series, flow characteristics of the ARTC04 site 

provided even more difficulties in the automated processing of this image series. It should also 

be noted that the camera’s lens was covered with snow between November 4th to 6th and thus, 

those photos were discarded before analysis. 

 

Figure 4-38: 2017-2018 ARTC04, validation of 2015-2016 ARTC02 

 

Figure 4-39: 2017-2018 ARTC04, validation of 2015-2016 ARTC03 
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The 2017-2018 ARTC04 site is just downstream of the Osborne St. Bridge and thus local water 

velocities are largely influenced by bridge piers and irregular river bathymetry. The water 

velocities present resulted not only in the growth of border ice that is not parallel with the banks 

like in the other cases, but may also be related to a fracture in the border ice that occurred on 

November 9th. The resulting variation of right border ice edge (left edge in the provided figure) 

angle over the image series shown in Figure 4-40, demonstrates a weakness of the target 

detection procedure, which relies on a static binary template image over the entire analysis.  

   

Figure 4-40: 2017-2018 ARTC04 border ice edge angle variability on Nov. 3rd (left), 9th (middle,) and 11th (right) 

The large reductions in border ice width after the fracture and quick regrowth afterwards also 

demonstrate a weakness with the filtering methodology used, wherein some accurate 

measurements of the ice edge are determined to be outliers in this case. The resulting RMSE for 

the 2015-2016 ARTC02 calibration is 263.6 pixels or 673.5 cm before filtering and 105.5 pixels 

and 269.6 cm after filtering. For the 2015-2016 ARTC03 calibration, the RMSE is 254.8 pixels and 

651.0 cm before filtering and 133.5 pixels and 341.2 cm after filtering. 

4.2.3 Discussion and Recommendations 

The results of validation for the calibrated image processing algorithm demonstrate that it can 

work accurately under ideal conditions, but several unaccounted-for influences can limit its 
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performance when validating an image series with differing characteristics from the calibration 

image series. These characteristics include the method of photogrammetry used, the resulting 

spatial resolution and quality of images, and the ice characteristics observed over the analysis 

period. A summary of the calibration and validation performances is provided in Table 4-8, where 

the error metric, percent border ice (%BI), has also been included (ratio of determined RMSE [cm] 

to the respective rivers top width [cm]). The average RMSE for percent border ice growth for all 

validation efforts is 13.0% before filtering and 6.8% after filtering. 
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Table 4-8: Calibration and validation performance summary 

 Unfiltered Results Filtered Results 

Calibration or Validation Scenario 

RMSE 

[pix] 

RMSE 

[cm] 

RMSE 

[% BI] 

RMSE 

[pix] 

RMSE 

[cm] 

RMSE 

[% BI] 

2015-2016 ARTC02 Cross Calibration 89.6 229.0 5.2% -\- -\- -\- 

2015-2016 ARTC02 Split Calibration 64.0 163.4 3.7% -\- -\- -\- 

2015-2016 ARTC03 Cross Calibration 21.1 27.1 0.6% -\- -\- -\- 

2015-2016 ARTC03 Split Calibration 50.5 65.1 1.5% -\- -\- -\- 

2015-2016 ARTC02 Split Validation 239.1 610.8 13.9% 120.1 306.9 7.0% 

2015-2016 ARTC03 Split Validation 34.7 44.6 1.0% 23.9 30.8 0.7% 

2017-2018 ARTC03, Validation of 

2015-2016 ARTC02 Cross Calibration 
293.0 748.6 18.4% 184 470.2 11.6% 

2017-2018 ARTC03, Validation of 

2015-2016 ARTC03 Cross Calibration 
272.7 696.8 17.1% 138.4 353.7 8.7% 

2017-2018 ARTC04, Validation of 

2015-2016 ARTC02 Cross Calibration 
263.6 673.5 14.1% 105.5 269.6 5.6% 

2017-2018 ARTC04, Validation of 

2015-2016 ARTC03 Cross Calibration 
254.8 651.0 13.6% 133.5 341.2 7.1% 

It can be immediately recognized that the performance of the image processing algorithm in the 

cross calibration and split calibration/validation for the 2015-2016 ARTC03 dataset is the 

greatest. The performance disparity between this dataset and the others can be explained for 

multiple reasons. The main reason is that the 2015-2016 ARTC03 dataset was first to be pre-

processed into a format (orthorectified) that was suitable for automated image processing and 

was primarily used for the development of the algorithm. Thus, an effort was made to account 

for the image variability of this specific series and understandably falls short in the unaccounted-

for scenarios of other datasets. 
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Other reasons for the performance disparity between the 2015-2016 ARTC03 dataset and others 

relate to image quality and the ice characteristics observed at the site. The goal of 

orthorectification and georectification is to provide a plan view of the river as border ice grows 

in from the banks. In the case of the 2015-2016 ARTC03 dataset, very little peripheral vision was 

provided in its placement, which disallowed retroactive georectification like what was performed 

for the 2015-2016 ARTC02 dataset (no visible landmarks to register images confidently). Although 

georectification may have provided greater confidence in the accuracy of spatial data, because 

the camera was angled further downwards, a greater level of detail is present in this image series 

as compared to the others (camera is closer to the visible ice). This greater level of detail provided 

better defined ice-water interfaces, which are easier for the algorithm to accurately process. This 

extra detail is particularly useful in scenarios with new grown partially submerged border ice, 

which can appear far less defined than ice striations from previous cycles of growth. 

Another explanation for the 2015-2016 ARTC03 performance is because of incompleteness and 

that it is composed of many class 5 and 6 photos. As demonstrated by all calibration and 

validation efforts, class 5 and 6 photos are the easiest to process due to their simplistic 

characteristics. Not only do these photos exhibit a lack of striations on the existing border ice 

surface due to snow cover, but these photos also more typically appear later in the image series, 

as border ice needs to be established before snow can accumulate. This later occurrence of the 

classification ensures that the open water section of the river is narrower in addition to there 

being a greater chance that upstream ice jams may have occurred, resulting in ice floes that are 

typically observed in lower quantities and sizes. 
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Despite having more unaccounted influences present, validations using the 2017-2018 ARTC04 

image series has provided better performance metrics than the 2017-2018 ARTC03 image series. 

These influences include large skim ice floes early in the image series, the lens getting covered 

by snow, and the right border ice edge changing angle over the image series. Furthermore, these 

better results are exhibited using both the 2015-2016 ARTC02 and ARTC03 cross calibrations. 

There are 2 explanations for the better performance metrics provided by the 2017-2018 ARTC04 

image series analysis. 

The first reason is that the image definition in the 2017-2018 ARTC04 image series is greater, 

which like the 2015-2016 ARTC03 image series, provides ice-water interfaces that are easier to 

distinguish, improving the overall performance of the algorithm. The second reason is that the 

most significant outliers in the 2017-2018 ARTC03 series occur during the period between 

November 3rd and 5th, when skim ice floes are causing the target detection routine of the 

algorithm to overestimate the growth of border ice. In the case of the 2017-2018 ARTC04 dataset, 

the camera’s lens was covered in snow for much of this period, forcing these photos to be 

discarded from the analysis. Thus, it is expected that had these photos been captured 

successfully, the reported error would be higher. 

Furthermore, although performing similarly, the 2015-2016 ARTC03 cross calibration appears to 

have performed better with the 2017-2018 ARTC03 dataset and the 2015-2016 ARTC02 cross 

calibration has performed better with the 2017-2018 ARTC04 dataset. It is somewhat 

unsurprising that the 2015-2016 ARTC03 cross calibration performed better with the 2017-2018 

ARTC03 calibration, due to it being the same site. However, this performance was obtained even 
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though the method of image rectification differed between years (ortho vs georectification). On 

the other hand, the 2015-2016 ARTC03 cross calibration performed better while validated with 

a dataset from another site and year, suggesting that the more complete calibration dataset 

made the algorithm more robust. 

Although many of the calibration parameters used by the image processing algorithm do not rely 

on spatial resolution, those that do may not translate well between sites. These parameters 

include the binary object area property filter (X7) and the binary template image erosion 

parameter (X10). For example, in the incomplete 2015-2016 ARTC03 photo series, observed frazil 

ice floes are much smaller in area than the skim ice floes for the 2017-2018 ARTC03 and ARTC04 

image series, making the parameter irrelevant during validation. In the case of the erosion 

parameter, all binary template edges were configured to have a line weight of 24 pixels, but a 

user of the algorithm may choose to use differing line weights between sites and calibrate the 

algorithm with bounds on X10 that respect them. 

Some of the calibration parameters rely heavily on the quality of the final ortho or georectified 

images. Although the spatial resolution for the final images have been reported as uniform over 

a rectified image previously, it is not the case that the actual resolution of features in the image 

are uniform. Instead, features in the image closest to the camera are composed of a greater 

number of pixels from the original photo than those farther away. The expansion of pixels from 

the original image on more distant features causes them to appear with less detail or “fuzzy” in 

the final rectified image. This image definition gradient can create issues with calibrated Canny 
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edge detection threshold and sigma parameters (X5 & X6) if validating the algorithm using an 

image series with different resolution characteristics. 

While the use of histogram specification parameters (X1 - X4) have performed reasonably well to 

enhance image features under simple day and night designations, the present implementation is 

very simple. It could be argued that although the algorithm has specified 6 different image 

classifications, only 3 may be required for the remaining parameters (X5 - X10). In this reduced 

implementation, it is possible then that the histogram specification parameters instead be 

related to readily available data such as time of day, cloudiness, sunrise & sunset times, and moon 

phase to determine the expected lighting. However, this implementation of image enhancement 

would require a much greater set of training data and risks allowing over calibration to occur. 

Furthermore, the magnitude of wind velocity can also have an impact on the roughness of the 

exposed water surface and in turn, the visibility of reflections. Both of which can have an impact 

on the algorithms performance. It may be possible to relate average wind velocity data to these 

changes in water surface characteristics to better differentiate between the water surface and 

both border ice and surface ice floes. However, as with lighting considerations, informing the 

algorithm using this type of data would require a significantly larger training dataset.  

While the developed algorithm demonstrates a level of performance supporting that it is 

functioning as expected, it is not yet recommended that its results be used to reliably inform 

future border ice studies. The methods used to acquire and prepare images for both manual and 

automated image analysis could still however be used to obtain higher frequency and accurate 

ice growth data than more traditional methods. 
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In general, the greatest limiting factor in the development of a more accurate image processing 

algorithm is presently the availability of data and the computational requirements of image 

processing algorithm calibration. The above recommendation to reduce the number of discrete 

image classifications could greatly improve the algorithms flexibility, but would require much 

more data than has been collected in this thesis to provide satisfactory results. Although the use 

of significantly more data to train the algorithm would require much greater computational 

resources, the acquisition of these resources in future work is highly feasible. All analysis to this 

point has been performed using an Intel i7 860 in MATLAB without any GPU accelerated (CUDA 

or OpenCL) functions, which with modern hardware would be far more suitable to future 

performance improvements of the presented algorithm. 

4.3 CRISSP2D Modeling 

4.3.1 CRISSP2D Calibration 

There are 4 sets of border ice growth data from trail cameras that have been considered in the 

calibration and validation of the CRISSP2D model. These datasets and their periods are listed in 

Table 4-9. Due to the completeness and availability of the 2015-2016 Donald St. Bridge camera 

dataset, it was selected for the calibration of the CRISSP2D model. The upstream discharge and 

downstream water surface elevation for the 2015-2016 and 2017-2018 freeze-ups, defined the 

same as during the hydrodynamic calibration in Section 3.2.3.2, are presented in Figures 4-41 

and 4-42. 



 

194 

 

Table 4-9: CRISSP2D calibration and validation periods 

Simulation Type Simulation Start Date Simulation End Date Hours 

2015-2016 ARTC02 Calibration 05:00 November 20th 05:00 December 25th 840 

2015-2016 ARTC03 Validation 05:00 November 20th 05:00 December 25th 840 

2017-2018 ARTC03 Validation 00:00 November 1st 00:00 November 21st 480 

2017-2018 ARTC04 Validation 00:00 November 1st 00:00 November 21st 480 

 

Figure 4-41: 2015-2016 freeze-up inflow and D/S elevation 

 

Figure 4-42: 2017-2018 freeze-up inflow and D/S elevation 

Additionally, as the border ice growth data acquired through the processing of trail camera 

images is for individual cross sections of the Assiniboine River, only the output for nodes 

representative of those same cross sections were extracted from the CRISSP2D model to be used 
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during calibration. Due to the computational budget required to calibrate ice dynamics in 

CRISSP2D, a reconstruction of the thermal ice growth model was prototyped in Excel to more 

efficiently calibrate the parameters designated in Section 3.2.3.3. All modeling performance has 

been presented with respect to percent border ice cover to eliminate discrepancies of top of river 

width between field data and discretized modeling data. The cross sections of nodes selected do 

not run in a straight perpendicular line from bank to bank and therefore the top width of cross 

sections is marginally overestimated. 

This Excel model was created by taking CRISSP2D time-series output for velocity magnitude and 

open water surface temperature, and implementing the criteria for how static border ice nodes 

are defined in CRISSP2D as described in Section 3.1.2. The input data for the Excel model was 

prepared using CRISSP2D output for a simulation with thermodynamic calculations, but without 

border ice growth. Figure 4-43 demonstrates a comparison between CRISSP2D output and the 

excel representation for the 2015-2016 ARTC02 dataset, where the calibration parameters 

critical water surface temperature (Tc) and critical velocity (Vc) have been set to their default 

values of -0.55°C and 1.2 m/s respectfully.  
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Figure 4-43: 2015-2016 ARTC02 CRISSP2D vs Excel 

The fit between the predicted simulation data using the Excel representation and the actual 

output of CRISSP2D supports the use of this methodology to reduce the computational 

requirements for calibration, with a RMSE for cumulative border ice growth of 5.0% over the 

simulation period. Some explanations for the differences in results include marginal differences 

in water surface temperature for ice-covered nodes vs open water nodes and the reduction of 

the model to one dimension from two. In particular it can be seen that the Excel representation 

is showing minor overestimation of border ice growth early in the simulation. This over 

estimation is primarily due to the water surface temperature of nodes adjacent to the simulated 

ice cover being marginally colder than they should during an actual CRISSP2D simulation. This 

temperature difference is because open water nodes adjacent to border ice covered nodes are 

subjected to lower heat transfer than open water nodes adjacent to other open water nodes 

during thermodynamic calculations. 
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Using the Excel representation of the CRISSP2D model to calibrate the relevant thermal border 

ice growth parameters Tc and Vc, the error between the simulated output and field data can be 

minimized. Using the Genetic Algorithm (Evolutionary Algorithm in Excel) with a population size 

of 100, mutation rate of 0.075, convergence of 0.0001, and a random seed of 0, optimal values 

of Tc and Vc were found to be -0.945°C and 1.02 m/s respectfully. This calibration resulted in a 

cumulative border ice growth RMSE of 10.30% over the simulation period and is illustrated in 

Figure 4-44. 

 

Figure 4-44: 2015-2016 ARTC02 calibration of CRISSP2D prototype in Excel 

While certainly the model is capable of being calibrated, the simplistic methodology for lateral 

thermal border ice growth used in CRISSP2D makes it infeasible for accurate temporal modeling 

of the growth. As noted in the simulations shown thus far, once the thermal and kinetic criteria 

of the water is met, nodes begin to instantly convert from open water to static border ice nodes 

during ice dynamic calculations. Because border ice growth is dependent on these binary 
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operators, the rate of border ice growth is in truth, only related to the spatial resolution of the 

mesh simulated and the temporal discretization of the ice dynamic simulation. That is, increasing 

the density of the mesh or increasing the simulation time-step results in decreased border ice 

growth rates.  

This border ice growth rate phenomena occurs because an adjacent node must be a border ice 

node for a new border ice node to be formed and the ice dynamic time-step determines the 

frequency that the border ice growth criteria is checked. For example, it is possible that an entire 

river cross section composed of 20 nodes be simulated to completely freeze-over if velocity and 

temperature criteria was satisfied for just 20 minutes and the ice dynamic timestep was 2 

minutes. On the other hand, if the mesh density was increased such that the cross section 

contained 80 nodes over the same simulation period, ice dynamic time-step length, and climatic 

conditions, only a 25% border ice cover would be simulated to grow. 

Hence, the current implementation of border ice growth in CRISSP2D appears to be adequate 

only if the modeler is calibrating for 2 conditions of border ice growth. These conditions being 

the start time of the growth and the extent of the growth. The critical temperature parameter is 

ideal for determining when growth begins to occur, due to the dependence of temperature on 

the time of year, while the critical velocity is the ideal parameter for determining the extent to 

which border ice grows towards the centerline of the river. Knowing that the depth-averaged 

water velocity decreases as you approach the river banks, a modeler can use the simulated water 

velocity profile of a river to easily restrict the extent of border ice growth. 
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4.3.2 Proposed Growth Method 

Due to the limitations of the current thermal border ice growth model implemented in CRISSP2D, 

a new method is being proposed which combines the existing CRISSP2D implementation inspired 

by Matousek (1984) with the relationship originally presented by Newbury (1968) and modified 

by Miles (1993) to create Equation ( 2-8 ). The method does not require any additional field data 

in CRISSP2D over the existing implementation, but does require the calibration of the 2 

calibration parameters b3 & b4 from Miles (1993).  

As was discussed in Section 4.3.1, the biggest limitation of the existing thermal growth model 

used by CRISSP2D is with regards to the border ice growth rate. The proposed method still utilizes 

the existing method to determine when border ice growth initiates and to what extent it can 

grow, but provides a buffer between the successive formation of border ice nodes. That is, the 

exceedance of an additional criteria is required after a node meets the critical velocity and 

surface water temperature requirements. This additional requirement is that the cumulative 

border ice width (W) calculated for a node exceeds the approximate average side length (Lsavg) 

of its element area (Anode). Once W > Lsavg, the open water node is then re-assigned to be a static 

border ice node. The approximate average side length of a node can be related to the element 

area using Equation ( 4-1 ). 

𝐿𝑠𝑎𝑣𝑔 =  √2𝐴𝑛𝑜𝑑𝑒 ( 4-1 ) 

This proposed method eliminates the dependency of thermal border ice growth rate to both the 

length of time-step used by ice dynamic simulation as well as the density of the mesh. For 
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example, reducing or increasing ice dynamic time-step length will also correspond with decreases 

or increases in cumulative degree days of freezing in the calculation of over that time step, 

keeping border ice growth model temporally sound. Likewise, increasing or decreasing the 

density of the mesh used in the model will correspond to decreases and increases in the node 

area, keeping the border ice growth model spatially sound. 

Detailed results of the calibration and validation for the proposed method, including the 

simulated water surface temperature and velocity magnitude over the analyzed cross sections 

can be found in Appendix C. The data presented provides additional insight on how the 

relationships described above act to produce the final results discussed in the following sections. 

In particular, the surface water temperature plots help explain the periods of stagnant growth 

(Tc not exceeded) and the water velocity magnitudes help explain the calculated growth rates 

(growth rate is inversely correlated with the velocity magnitude). Only nodes with a water depth 

greater than zero are made visible in the described water surface temperature and velocity 

magnitude plots. 

4.3.2.1 Calibration 

Although the critical velocity parameter has been determined to be of importance for the 

calibration of the existing CRISSP2D thermal border ice growth model, the inclusion of the 

Modified Newbury method enables for a more dynamic relationship between the water 

velocities and border ice growth. Due to the low velocities observed in the selected reach of the 

Assiniboine River, the critical velocity parameter is of little importance anyway. Thus, the 
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parameter Vc has been set to its default value of 1.2 m/s in all of the following simulations, as is 

supported by the literature (Newbury, 1968), and is never exceeded. 

Performing a calibration using the Genetic Algorithm again with a population size of 100, 

mutation rate of 0.075, convergence of 0.0001, and a random seed of 0, optimal values of Tc, b3, 

and b4 were found to be -0.4552°C, 0.4098, and 0.3574, respectfully. The resulting RMSE of 

cumulative percent border ice growth over the simulation has been reduced to 7.59% from 

10.30% found using the existing CRISSP2D implementation. Figure 4-45 illustrates the 

performance of the calibration using the proposed CRISSP2D modifications versus the calibration 

that was performed previously without modifications. 

 

Figure 4-45: 2015-2016 ARTC02 calibration of CRISSP2D prototype in Excel using proposed modifications 

When comparing the above calibration with the proposed CRISSP2D modifications to the 

simulation presented in Figure 4-43, the impact that these modifications have made becomes 

incredibly obvious. Despite having a less restrictive critical water surface temperature parameter 

in the case of the CRISSP2D modifications (-0.4552 vs -0.945 °C), the simulated river cross section 
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no longer completely freezes over by November 27th. Thus, the growth rate buffer provided in 

the new method allows for the period stagnant border ice growth from approximately December 

1st to 16th to occur while air temperatures are at their highest during the simulation.  

4.3.2.2 Validation 

The first period of validation is during the 2015-2016 freeze-up using the incomplete dataset from 

the trail camera ARTC03. In addition to ARTC03 data, cell phone photos taken by a previous MSc. 

Student in the Hydrualics Research and Testing Facility, Greg Schellenberg, have been included 

with percent ice cover estimates to provide a point of comparison for earlier in the validation 

period. Proper photogrammetry was not performed to determine the measurements from Greg’s 

photos, however an estimated precision of ±10% has been assumed. Figure 4-46 illustrates the 

comparison between the field data and CRISSP2D simulation using the existing methodology and 

proposed modifications in Excel. The RMSE of cumulative percent border ice growth for the 

ARTC03 and Greg’s photos are 6.87% and 8.02% for the proposed method and 38.77% and 

39.45% for the existing method, respectfully. 
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Figure 4-46: 2015-2016 ARTC03 validation of CRISSP2D prototype in Excel using proposed modifications 

Similar to the calibration period, the fit between field data and simulation data is quite good using 

the proposed CRISSP2D modifications. An occurrence in the simulation data worth pointing out 

is the border ice recession between December 2nd and 7th during the peak air temperatures of 

the simulation period. While an incorrect 100% ice cover is temporarily realized just prior to this 

period, the border ice recession that occurs in the model afterwards due to positive air 

temperatures allows for a correction. However, it should be noted that this calibration is for the 

same freeze-up and for a river cross section that is in very close proximity to the calibration 

dataset, thus, the satisfactory performance is not surprising. The next validation periods, 

although still close in proximity to the calibration dataset, provide a look at the proposed 

modifications performance to a dataset from a freeze-up two years later. These validations 

should provide a more practical demonstration of proposed modifications’ performance. 

The next validation is again for the ARTC03 site, but for the data collected during the 2017-2018 

freeze-up, and is presented in Figure 4-47. This validation demonstrates excellent performance 
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when compared to both the original calibration and validation at this site during the 2015-2016 

freeze-up, with a RMSE for cumulative percent border ice growth of 10.17% and 28.94% for the 

proposed and existing methodologies, respectfully. The freeze-up process observed at this site 

was dominantly thermal and although the timing and magnitude of individual spurts of ice 

growth over the period may not be timed perfectly, the overall freeze-up is well timed. 

 

Figure 4-47: 2017-2018 ARTC03 validation of CRISSP2D prototype in Excel using proposed modifications 

The final validation set was performed using the 2017-2018 freeze-up ARTC04 dataset, for which 

the results are provided in Figure 4-48. It can be immediately observed that the modeling of 

freeze-up at this site is weak with a RMSE for cumulative percent border ice growth of 15.28% 

and a 100% cover being formed approximately 6 days too early for the proposed method. The 

existing method performs even worse with a RMSE for cumulative percent border ice growth of 

51.13%. However, although the growth process at this site is dominantly thermal, 2 ice events 

occurred over the observed period of this freeze-up that the simulation does not consider. The 

first event was a frazil accumulation that occurred on November 3rd at 3PM which added 21% 
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border ice coverage to the river cross section. The second event was a fracture in the border ice 

that occurred on November 9th at 3PM which removed 33% border ice coverage from the river 

cross section.  

As only thermal processes are being modeled in this analysis, it is unrealistic to expect that the 

proposed method would predict these ice events. Thus, results of the proposed method with the 

impact of these events taken into account has also been presented, resulting in an improved a 

RMSE for cumulative percent border ice growth of 7.30% over the simulation period and thus 

verifying the proposed conceptual thermal border ice growth model. 

 

Figure 4-48: 2017-2018 ARTC04 validation of CRISSP2D prototype in Excel using proposed modifications 

4.3.3 Discussion and Recommendations 

The implementation of the proposed modifications to the CRISSP2D prototype in Excel has 

provided favourable results in the temporal modeling of thermal border ice growth. The success 

of this implementation is demonstrated by the very similar level of performance that is achieved 

in both the calibration and validation over the selected sites and periods. A summary of the 
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calibrated parameters and the RMSE of cumulative percent border ice growth is provided in 

Tables 4-10 and 4-11. 38.77% and 39.45% 

Table 4-10: Modified CRISSP2D calibration parameters 

Tc [°C] Vc  [m/s] b3 [-] b4 [-] 

-0.4552 1.2 0.4098 0.3574 

Table 4-11: Modified CRISSP2D calibration and validation performance summary 

Dataset Type 
Existing 

RMSE [% BI] 

Proposed 

RMSE [% BI] 

2015-2016 ARTC02 Calibration 10.30 7.59 

2015-2016 ARTC03 Validation 38.77 6.87 

2015-2016 ARTC03 (Greg’s Photos) Validation 39.45 8.02 

2017-2018 ARTC03 Validation 28.94 10.17 

2017-2018 ARTC04 Validation 51.13 15.28 

2017-2018 ARTC04 (Ice Events) Validation N/A 7.30 

Despite the performance demonstrated by the proposed modifications, there are certainly 

several ways that the model may still be improved. One these ways includes a reconfiguration of 

existing variable sets that already exist in CRISSP2D, but thus far have been simplified by the 

critical water surface temperature implementation. The water surface temperature in CRISSP2D 

is calculated using an empirical relationship that was presented by Matousek (1984). In this 

relationship, the surface water temperature is equal to the depth-averaged water temperature 

subtracted by a relationship between the net heat loss from water to the atmosphere (∅𝑤𝑎), 

depth-averaged velocity (u), wind velocity (Wv), and a wind utilization coefficient (b) determined 

from fetch length. The described relationship is shown in Equation ( 4-2 ). 
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𝑇𝑤𝑠 =  𝑇𝑤 −
∅𝑤𝑎

1130𝑢 + 𝑏𝑊𝑣
 ( 4-2 ) 

By restricting these climatic parameters to a term (Tws) that is later only used to determine the 

exceedance of some threshold (TC), their relationship to border ice growth rate is ignored. For 

example, it is known that wind velocity has a strong influence on the cooling of water and 

certainly it’s influence is considered in the timing of ice formation using the presented methods, 

but it does not contribute to the rate of growth observed. Growth rate using the methods 

proposed instead only relates to cumulative degree days of freezing and water velocity. Thus, 

there is strong reason to believe that further expanding the modified Newbury method 

presented by Miles (1993) to include variables such as the wind velocity (or resulting surface 

water temperature) during incremental border ice width calculations would provide even more 

accurate modeling results. 

Although not presented before, even greater success in the CRISSP2D Excel prototype was found 

using the second Equation ( 2-9 ) introduced by Miles (1993), which includes a percent ice cover 

term for incremental border ice growth calculations. A comparison between the performance of 

both methods is demonstrated by a recalibration of the 2015-2016 ARTC02 dataset in Figure 

4-49. The calibration of the method including percent ice cover was performed using the same 

Genetic Algorithm configuration, resulting in a RMSE of 5.7% (reduced from 7.6%) and calibrated 

parameters of Tc, Z0, Z1, and Z2 equal to -0.5183°C, 0.2931, 1.0366, and 1.1686 respectfully. 
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Figure 4-49: Calibration of CRISSP2D modification implementations using the 2015-2016 ARTC02 Dataset 

The illustrated improvement is primarily made because of a decrease in border ice growth rate 

as the open water section is reduced in width later in the simulation. It is likely that this 

implementation would have resulted in improved validation results, where growth rates were 

typically shown to be overestimated at high percent ice coverages.  

Conceptually this decrease in growth rate can be related to the increase in local water surface 

velocities in the centerline of the river (due to the presence of additional flow boundaries). 

Ultimately, this method was not selected for the proposed implementation of the modified 

Newbury Method due to the 1 dimensionality of the percent border ice parameter and the 

challenges of representing this term appropriately in a 2D model. However, alternate 

formulations to consider the described growth rate influences is strongly recommended as one 

of the focuses for future improvements to the thermal border ice growth model used in 

CRISSP2D. 
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5 Conclusions and Future Work 

5.1 Conclusions 

Through the establishment of a field monitoring program on the Red and Assiniboine River, 

several objectives have been accomplished. These objectives include initiating the most 

comprehensive field monitoring program for freeze-up processes in the study area to date and 

developing tools which may aid future river ice engineering studies. The Red and Assiniboine 

River were monitored over the period of 2015-2018 and demonstrated several freeze-up 

scenarios. The 2015-2016 and 2017-2018 freeze-ups demonstrated the dynamics of freeze-up on 

the Assiniboine River, wherein both thermal and mechanical freeze-up jams were predictably 

observed over the study period near its confluence with the Red River. The characterization of 

freeze-up processes was also shown to have a relationship with the hydraulics of the Assiniboine 

River, which may provide a basis for the estimation of skim and frazil ice production in the future. 

The predicted thermally driven border ice growth on the Assiniboine River led to the 

development of an image processing methodology and automated algorithm. The methodology 

can be used to acquire high frequency data on border ice growth, where time consuming site 

surveys are traditionally used, and the algorithm may be used to automate this methodology. 

The presented methodology offers significant improvements when compared to previous efforts 

in the literature, where border ice growth rate data was collected at a very low frequency 

(Newbury, 1968; Michel, 1982; Miles, 1993) or didn’t provide physical dimensions (Vuyovich et 

al., 2009).  Although the automated algorithm was not shown to perform adequately under all 

scenarios, it does show promise as a tool which with further development could save future 
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researchers much time and effort. Although not investigated further, several potential 

improvements to the automated algorithm have been presented. 

In addition to the development of the image processing algorithm, the acquired border ice 

growth data was used to prototype and test a new border ice growth model that may be 

implemented in CRISSP2D. It has been demonstrated using high frequency border ice growth 

data that CRISSP2D in its current state is inadequate for the modeling of thermal border ice, due 

to the modeled relationship to mesh density and ice-dynamic time-step length. The existing 

methods implemented in CRISSP2D were investigated and an alternative formulation, building 

on the work of both Matousek (1984) and Miles (1993) was presented. The presented alternative 

thermal border ice growth method was prototyped and shown to provide significant 

improvements in the modeling of thermal border ice growth rates in CRISSP2D. This numerical 

modelling effort helped to demonstrate the necessity of high quality and frequency spatial data, 

which would not have been possible without the river monitoring and image processing 

components of this research. 

5.2 Summary of Future Work 

Given that both the presented image processing algorithm and recommended changes to 

CRISSP2D are based on the observations of just 3 freeze-up periods, it is recommended that the 

river monitoring program continue to provide additional data to develop and test these methods. 

All Solinst leveloggers and Seabird temperature loggers used during this research should be 

redeployed for the 2018-2019 freeze-up and beyond, making sure to improve deployments 

where possible. Potential improvements to deployments include ensuring that loggers are 
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deployed far enough from the river banks to prevent their entrainment in ice jams and deploying 

additional trail cameras in reaches with observed thermal border ice growth. 

Suggested future developments for the image processing algorithm are to enable the algorithm 

greater flexibility in handling additional ice scenarios, provide improvements to the image 

classification system, and to include greater training data sets for calibration. Although the 

algorithm can filter out small frazil ice floes in edge detected images, the developed method is 

less suitable for the removal of larger skim ice floes. As demonstrated in the validation of the 

algorithm, larger ice floes were not filtered adequately, which resulted in underestimations of 

open water width during some validations. Thus, further effort should be made to more reliably 

filter out a greater variety of observable ice floes to improve the overall performance of the 

algorithm. 

In the case of the algorithms classification system, 6 image classifications have been identified. 

However, this number of image classifications may be reduced in future revisions of the 

algorithm. Because half the image classifications correspond to whether a photo was taken in the 

night or day and that there are easy to obtain inputs which can help determine the lighting of an 

image (time of day, data, cloudiness, and moon phase), it stands to reason that the simplification 

of day and night classification was not required. That is, further calibration efforts may be 

undertaken to relate the histogram specification function in the algorithm directly to the 

expected lighting conditions of an image, rather than its binned day or night classification. An 

implementation of this functional relationship to expected lighting should provide better 

algorithm performance, as day and night photos only have similar lighting conditions. 
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Unfortunately, the implementation of a histogram specification relationship to expected lighting 

would require a significantly greater training data set, which presently does not exist. 

Although the suggested changes to CRISSP2D have shown to perform favourably in the thermal 

border ice growth rate modeling efforts in this research, it should not be forgotten that the 

results have only been derived from a prototype of the model. Thus, the first order of future work 

would be to code the presented border ice growth methodology into CRRISP2D and test it again 

using the field data collected. Although it is expected that a CRISSP2D implementation using the 

same data as in the prototype would perform favourably, additional data from other sites should 

also be calibrated and validated to ensure further robustness of the suggested method. 

In addition to the suggested CRISSP2D modifications, it has also been identified that local water 

velocities near border ice flow boundaries have a significant role in accurately modeling border 

ice growth rates. While success has been shown including the cross-sectional percent border ice 

coverage in the calibration of 1-dimensional growth methods, the translation of this parameter 

into 2 dimensions is challenging. Thus, it is recommended that further effort be placed in the 

formulation of some method to translate this functional relationship to two-dimensional models 

such as CRISSP2D. 
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A.Appendix A: Additional Survey Data 

Assiniboine River Top of Ice Elevation Surveying: 

As an additional source of data to investigate the ice cover formation on the Assiniboine River, a 

top of ice elevation survey was performed. This survey took place on March 2nd, 2017 and is 

shown below in Figure A-1 along with the average measured head at the available leveloggers 

that day. This data could be used in future modeling efforts. 

 

Figure A-1: March 2, 2017 Assiniboine River top of ice elevation survey – March 2, 2017 
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B.Appendix B: Calibrated Image Processing Algorithm Parameters 

Table B-1: ARTC02 cross calibration parameters 

Parameter Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 

X1 0.3474 0.1626 0.0495 0.0073 0.7728 0.6937 

X2 2.2177 1.8279 13.6652 18.7612 5.9071 1.4743 

X3 0.4876 0.5685 0.4266 0.5302 0.5733 0.2503 

X4 0.7937 0.2308 0 0.9925 0.8791 0.0769 

X5 0.0834 0.0687 0.1260 0.1417 0.2122 0.0222 

X6 34.8147 25.2395 10.5393 18.6143 16.8799 170.8589 

X7 108.8350 29.7264 72.9033 63.9601 33.1050 1.7243 

X8 31.5442 19.8287 8.8835 19.4989 20.1186 49.9743 

X9 0.1588 0.0290 0.3399 0.5314 0.4895 0.0000 

X10 6.2257 9.4788 3.9202 9.2152 9.7117 9.0930 

 

Table B-2: ARTC02 split calibration parameters 

Parameter Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 

X1 0.9685 0.0693 0.2407 0.3555 0.8826 0.5795 

X2 2.2528 17.5529 13.4043 14.8292 6.0729 8.8224 

X3 0.8738 0.3629 0.6267 0.5597 0.6118 0.8110 

X4 0.7159 0.5722 0.1446 0.5779 0.2141 0.9644 

X5 0.3937 0.1533 0.2526 0.3037 0.1733 0.3455 

X6 35.2698 26.3658 23.1384 29.1063 9.1489 179.1720 

X7 30.3014 70.7714 82.6388 5.7630 88.4257 0 

X8 16.9757 19.2764 39.8010 30.0624 6.7335 26.3028 

X9 0.5528 0.2699 0.1529 0 0.5411 0.5497 

X10 0.2576 8.6180 0.0799 10.8597 10.9872 10.8436 
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Table B-3: ARTC03 cross calibration parameters 

Parameter Class 1 Class 3 Class 5 Class 6 

X1 0.3559 0.1802 0.7425 0.4742 

X2 10.7013 7.7267 6.4828 10.9601 

X3 0.6982 0.6834 0.7838 0.5712 

X4 0.0048 0.4025 0.1315 0.1285 

X5 0.1393 0.2948 0.3630 0.0001 

X6 12.6121 6.0316 20.4151 43.7122 

X7 11.8937 100.4620 68.6107 47.0843 

X8 17.6300 26.6206 39.0258 46.6339 

X9 0.5426 0.8642 0.7009 0.1306 

X10 7.2212 8.4792 0.2380 0.0000 

 

Table B-4: ARTC03 split calibration parameters 

Parameter Class 1 Class 3 Class 5 Class 6 

X1 0.0817 0.0281 0.8208 0.9251 

X2 5.8514 1.8728 6.6997 18.1460 

X3 0.5475 1.1466 0.8167 0.5169 

X4 0.1905 0.0250 0.6920 0.3364 

X5 0.1370 0.4581 0.5118 0.0000 

X6 9.6231 23.6852 10.9194 39.9112 

X7 14.3990 55.5715 111.6426 237.0231 

X8 18.9637 26.7913 20.7192 13.9997 

X9 0.5583 0.2574 0.1255 0.2034 

X10 1.8171 6.4388 4.9297 0 
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C.Appendix C: CRISSP2D Calibration and Validation Results and Inputs 
 

D.  

E.  

F.  

Figure C-1: 2015-2016 ARTC02 calibration and inputs 
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Figure C-2: 2015-2016 ARTC03 validation and inputs 
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Figure C-3: 2017-2018 ARTC03 validation and inputs 
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Figure C-4: 2017-2018 ARTC04 validation and inputs 
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