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Abstract 

The aging of infrastructure in North America has pushed the investigations of new structural 

health monitoring (SHM) solutions. Visual inspections are commonly performed for SHM, but 

they can be extensive and often rely on the inspector’s experience. Complex, expensive sensor 

setups are also used for SHM. Computer vision provides efficient alternatives to these 

procedures, allowing low-cost, remote data acquisition. In this study, a Faster Region-based 

Convolutional Neural Network (Faster R- CNN)-based damage detection method coupled with 

an inexpensive depth sensor is proposed. A database composed of 1091 images with resolution 

of 853 ´  1440 pixels, labeled for volumetric damage is developed and the deep learning 

network is modified, trained, and validated using the proposed database. The output from the 

Faster R-CNN is utilized as a starting point to identify the surface of the member, segment and 

quantify damage. The methodology is validated using a polystyrene test rig with damage of 

known volumes, as well as reinforced concrete members. The trained Faster R-CNN presented 

average precision (AP) of 90.79%. Volume quantifications show mean precision error (MPE) 

of 9.45% when considering distances from 100 cm to 250 cm between the element and the 

sensor. Also, MPE of 3.24% was obtained for maximum damage depth measurements across 

the same distance range. Damages are detected, segmented, and quantified regardless of the 

distance between the member and the sensor, which allows the system to be implemented in 

unmanned vehicles for safe data acquisition in hazardous scenarios. 

 

Keywords: Convolutional neural network; deep learning; depth sensor; concrete spalling; 

volume quantification  
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 Introduction 

1.1 Overview 

The number of concrete structures affected by pathologies is rapidly growing over the past 

years, as the design life of these structures have been heavily exceeded [1-2]. The development 

of these pathologies is mostly due to the natural aging of materials. With the aging of concrete, 

structural elements at service conditions deteriorate, leading to the formation of several 

pathologies and, eventually, to failure. As any other material, concrete has a lifespan and is 

susceptible to damages, which can be a result of external agents such as overloading, vibration, 

or simply material degradation. Referring to the current structural conditions in North America 

is crucial as some of the current infrastructure date back from economic boom in the 1960s. 

Estimates of the imminent maintenance and replacement costs in the future years reach trillions 

of dollars [2]. 

Structural condition assessments are presented as necessary means in order to evaluate and 

monitor structural capabilities. The assurance of minimum safety requirements is important to 

accurately address public concerns regarding serviceability of aging infrastructure. Structural 

health monitoring (SHM) arose as an interesting approach to several complex problems, 

providing a variety of methodologies to assess these problems. One way to address the aging 

and degradation of structures is through non-destructive testing (NDT). NDTs methodologies 

allow the evaluation of the desired structure without the need to cause any sort of damage to 

its elements, maintaining its current integrity.  

To overcome the limitations of visual inspections for structural assessment, which rely on 

judgements and ratings of trained inspectors, the usage of sensors and other data-acquisition 

techniques along with computational methods can be implemented [3-5] to and improve the 
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overall quality of these inspections. Acoustic emission sensors [6], fiber optics strain gauges 

[7-8], accelerometers [9], and modal analysis through computer simulations [10] are some of 

the tools that can be used to assess structural integrity under certain scenarios, identifying or 

predicting damages. Despite its accuracy, utilizing a contact sensor-based data acquisition 

network is often expensive and difficult to manipulate, especially when considering long-term 

monitoring. Computer vision arises proposing a different approach for structural health 

monitoring. By relying on acquiring data from optical devices such as cameras, implemented 

systems are able to operate from distance, attenuating the limitations imposed by structures 

located where access for data acquisition is restricted.   

Automatic detection, localization, and quantification of external damages in concrete structures 

is of particular interest as the presence and development of such pathologies can lead to 

structural failure. Cracks, specifically, can lead to the development of other pathologies. They 

can occur due to several reasons, including but not limited to shrinkage during curing, 

precocious loading, cement carbonation, and thermal effects caused by variations in 

temperature. Cracks initiate from the reinforcement element or the aggregate component of 

reinforced concrete and can propagate all the way to the surface of elements, enabling detection 

through visual inspections. Depth measurements, on the other hand, require special equipment 

in order to be performed.  

Early detection and progress monitoring of cracks prevent moisture and other compounds to 

find their way into structural elements, which can lead to premature deterioration of materials, 

reducing the overall lifespan of the structure. When in contact with moisture, steel 

reinforcement starts to oxidize. Corrosion is critical issue in countries severely affected by 

winter conditions, as the usage of deicing salts during this period is prominent. Deicing salts 

applied onto roads can penetrate the concrete cover of structural members in bridges, for 
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instance, accelerating the corrosion of reinforcing elements. Corrosion causes the bars start to 

expand radially, leading to the formation of horizontal cracks in the structural member along 

the plane of the affected reinforcing elements. Horizontal cracks develop a gap between the 

layers of materials which progressively develops in what is called delaminations. Further 

deterioration can lead to a critical point where material spalls off of the element. When concrete 

spalling occurs, the protective concrete cover is completely detached from the member, leaving 

reinforcing elements exposed to the environment, drastically accelerating deterioration which 

will eventually lead to structural failure. 

Machine learning (ML) has become prominent in several distinct areas of study due to its 

proven capabilities of decision-making and pattern recognition. Machine learning algorithms 

also possess an exceptional capability for analyzing problems involving a large amount of data, 

Support Vector Machines (SVM), convolution neural networks (CNN), and region-based 

CNNs (R-CNN) are some machine learning techniques developed to be useful tools for fast, 

accurate object detection and localization [11-14]. These architectures can be applied into the 

structural health monitoring field for damage recognition using two-dimensional (2D) imaging 

[15-17], providing fast and reliable analysis of critical situations with minimal human 

intervention. 

Merging 2D data along with spatial measurements creates a new path for investigations on 

structural health monitoring. Whereas 2D images could lead to detection and classification of 

damages visible to cameras such as cracks, 3D data opens opportunity for these spatial 

characteristics to be used as sensitive features, allowing detection and quantification of 

volumetric damages such as concrete spalling or other material losses caused by external 

agents. 
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This study implements and evaluates the capabilities and performance of a structural health 

monitoring system composed of an inexpensive 3D-capable device coupled with a machine 

learning application. The proposed methodology focus on automatically detecting and 

quantifying spalled material from a structural concrete member under static conditions, 

enabling quick and accurate monitoring for this type of pathology on concrete structures. 

Furthermore, the proposed methodology identifies and quantifies volumes of multiple surface 

damages spalled from the element regardless of the distance between the  

1.2 Problem Definition 

Spalling is a term used to define surface areas of concrete which have cracked, delaminated 

and, subsequently, detached from the element. Its manifestation can be due to several reasons, 

such as alkali-silica reaction, corrosion of reinforcement bars, exposure to fire, or freeze-thaw 

cycles. The occurrence of spalling exposes the reinforcement elements to moisture and other 

elements. If the damaged area is left unaddressed, it is likely that the exposed reinforcement 

steel will start to deteriorate at an increasingly rapid rate, accelerating the overall decay of the 

structure by contributing the manifestation of other pathologies, and will eventually lead the 

structure to be unstable as damage grows. Thus, detection, quantification, and monitoring of 

concrete surfaces affected by spalling pose a compelling value to ensure structural 

serviceability.  

1.3 Research Objectives 

This research aims to propose a fully automated damage detection, localization, and 

quantification method by integrating a R-CNN-based damage detection method and an 

inexpensive, consumer RGB-D sensor, the Microsoft Kinect V2, for depth data acquisition, 

requiring no fixed setup between the device and the analyzed elements.  
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Specific objectives consist on: 

1 Development of a database for training, validating and testing a Faster R-CNN-based 

damage detection and localization method; 

2 Incorporation of depth data to the data output from the damage detection and 

localization method; 

3 Damage segmentation and quantification. 

1.4 Thesis Outline 

The outline of this thesis is as follows: Chapter 1 introduces the topic and highlights the 

objective of the study; Chapter 2 provides an overview of the structural health monitoring field 

and existing damage detection methods; Chapter 3 describes in detail the architecture of the 

utilized R-CNN, as well as all the mathematical approach for damage segmentation and 

quantification; Chapter 4 elaborates the experimental activities performed for validation of the 

proposed methodology; Chapter 5 presents and discusses the obtained results; Chapter 6 

concludes this research with a summary of the obtained results and suggestions for future 

works.  
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 Literature Review 

At the pace that infrastructure continues to age, several non-destructive solutions have been 

developed to assess structural conditions. These solutions can be split into three basic 

categories: visual inspection, contact-based NDT, and non-contact NDT methods. Every 

category has their own singular advantages and disadvantages, at the same time that no single 

method alone is able to fully address the diverse array of situations that affect civil 

infrastructures.  

2.1 Visual Inspection 

Visual inspection is the common implemented practice in several situations when performing 

structural assessment. Structural assessment by this method relies solely on highly trained 

inspectors, which is both its main advantage and drawback. 

Visual inspections are expensive and are performed with long intervals between them. 

Although performing inspections once a year can be appropriate for maintenances, structural 

safety assessments and anticipation of possible structural disasters could be improved with 

more frequent inspections. 

The effectiveness of this type of structural assessment leaves questions about the actual 

structural condition. While cracks and corrosion of steel reinforcement in reinforced concrete 

can be detected with ease, the severity of these damages, however, is difficult to assess.  Other 

types of pathologies commonly found in reinforced concrete structures such as voids and 

delaminations cannot be detected through visual assessments, and surface damages are hard to 

be quantified. Furthermore, performing visual inspections on larger structures and those 

located in areas where access is restricted can be rather difficult. 
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Based on the above, it is evident that visual inspection has extensive flaws and needs to be 

improved in order to provide accurate and effective structural assessments. Contact and non-

contact based applications are effective alternatives to fill in these gaps. 

2.2 Non-Destructive Testing 

Non-destructive testing (NDT) are methods that can be employed to perform structural 

assessment causing little or no damage at all to the analyzed structural member, maintaining 

the integrity of its current structural capabilities. Moreover, NDTs allow in situ monitoring and 

evaluation of structures in service.  

A variety of methods for non-destructive testing have been developed, including but not limited 

to: strain gauges, extensometers, computer vision methods, acoustic emission sensors, and 

ultrasonic testing. 

The main advantage of NDTs is that the structural capabilities of the analyzed structure is not 

affected whatsoever. Also, many NDT methodologies can be performed more often than visual 

inspections. Methodologies involving contact-based monitoring as long as modal analysis can 

provide sensitive valuable information that can be used as an assurance of structural 

capabilities. 

If NDT methodologies can be automated, they could be carried out whenever needed, 

increasing the amount the data on the analyzed structure and assuring structural integrity. 

On the other hand, implementations of sensor-based NDT methodologies can be rather 

expensive. These systems can acquire a large amount of data, requiring potent computational 

power in order to analyze it, as well as storage space. If the service life of the structure can be 

improved as a result of the implemented system, these costs can be justified. Another drawback 
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of NDTs is that no method alone can acquire all information necessary to perform a complete 

analysis of the desired structure. The simultaneous implementation of different methods 

increase cost and the complexity of the data analysis. Furthermore, the lack of automation 

within NDTs can also be considered as a reason why these methods have not been widely used. 

Non-destructive testing of reinforced concrete structures has been expanding in general, 

making major advances over the last decades. Sensor-based methodologies are becoming more 

viable and more comprehensive when comparing to former methods such as visual inspection. 

These improvements reflect the effort to improve safety and reliability of structures, while 

addressing the financial problems of aging structures. Contact-based techniques currently 

being investigated involve acoustic emission sensors, fiber-optic sensors, ultrasonic sensors, 

and impact echo techniques. Computer vision implementations have been improved as well, as 

new interpretation methods are being developed. 

2.2.1 Contact-based methods 

Contact-based applications rely on collecting data from a sensor or set of sensors for further 

analysis. Such sensors are mechanically attached to the structure, and directly connected to a 

device for data storage. Due to the common complexity of recorded data, a powerful processing 

unit for data analysis is required. These processing stations are often located off-site, requiring 

the data to be transferred from the storage location.  

When considering contact-based applications, we can highlight the usage of acoustic emission 

sensors, modal analysis, impact-echo sensing, fiber-optics strain gauges, ultrasonic pulse 

velocity, and ground penetrating radar. 

 Acoustic Emission Sensors 
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There are several applications of acoustic emission sensors in concrete structures. Implemented 

methodologies include to determination of crack propagation in concrete structures and 

debonding of materials [18-19]. 

When energy waves are released in the structural medium, acoustic sensors pick up these waves 

and record data. When an event affects a structure causing damage, energy is released and the 

sensors are able to detect it. Acoustic sensors will output a voltage value based off of the 

obtained input and, due to this, can be used in real-time monitoring [18]. The data output by 

the sensor can be analyzed and used to determine whether or not a damage event has occurred 

and, if that is the case, the extent of the damage. 

Implementations of acoustic emission sensors can focus on monitoring either the overall health 

of the structure by actively watching for signal abnormalities or specific pathologies such as 

cracks within the elements. By particularly focusing on cracks, it is possible to infer the current 

crack phase as well as its intensity, and monitor its progression from tensile to shear stages as 

the structure leans towards failure.  

Acoustic emission sensors are often implemented during the casting of the concrete structure, 

even though its implementation can be performed to structures in service provided the analyzed 

element can be accessed. In order to detect damages, the analysis must compare current signal 

readings and previous sets of data, which is acquired while the structure is either intact or when 

damage is present but not as severe. This means that although acoustic emission sensors are 

capable of detecting development of pathologies, they cannot be used to detect or quantify 

preexisting pathologies provided there are no new damage events, as it relies on data from 

energy releases. 
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Sensors can be positioned on the exterior of the analyzed element in order to detect 

abnormalities. In addition to that, the sensors can also be installed onto the reinforcement to 

address damage events directly in the reinforcement members. Fiber reinforced plastic (FRP) 

reinforced concrete can particularly benefit from this strategy due to the several high-energy 

events suffered by the material before failure due to its nature [20-21]. 

 Fiber-optic Strain Gauges 

Strain gauges are another viable alternative for structural heath monitoring. Fiber-optic sensors 

employ light as a means for data transfer, having little to no signal attenuation over the entire 

course of transmission when comparing to other data transfer methods [22]. These sensors are 

usually implemented during the construction phase of the element and are attached inside the 

element. When deformation occurs, the cross-section of the medium is altered, thus changing 

the refractive index of the element causing signal variation. When implemented in reinforced 

concrete structures, this system is generally used to quantify strain. 

Comparing conventional strain gauges with fiber-optics gauges, the latter relies solely on light 

for data transfer, which makes it immune to electromagnetic interferences. Furthermore, one 

extra advantage of fiber sensors for monitoring this property is that detection of strain can be 

observed throughout the entire length of the cable, whereas conventional gauges are only able 

to measure strain at the location of the head of the sensor. 

Even though there are several advantages of fiber-optics strain gauge sensors, a complete 

monitoring system can be financially hard to maintain. The sensors must be connected to data 

collection units by wires, which can be troublesome. Also, a large number of sensors must be 

implemented in order to monitor larger structures, increasing computational requirements for 
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data storage and analysis in order to process the large quantity of information acquired, 

resulting in a rather complex, costly system. 

 Modal Analysis 

Modal analysis is a common structural health monitoring methodology which often views the 

structure comprehensively, analyzing its modal properties such as natural frequencies and 

mode shapes across time to detect damages. Acquiring these modal parameters require sensors 

such as accelerometers to be installed onto the structure. The sensors will output a voltage 

signal corresponding to the acceleration their package was subjected to [23]. In addition to 

physical sensors, modal frequency can be acquired through camera implementations, analyzing 

image variation of the structure through time [24]. By analyzing the variance on such properties 

through time, it is possible to infer whether or not the structure possesses damages throughout 

its extension and, if a significant amount of points is being monitored, even the location of the 

damage can be defined. 

When historical data is not available, it is possible to apply the methodology to a computational 

model using finite element analysis (FEM). FEM allows the simulation of structures under 

various conditions, as well as the acquisition of pertinent modal information considering its 

intact state. Furthermore, it is possible to simulate damages on these models. Altering the intact 

state of the structure under the same loading will affect its modal parameters such as natural 

frequency and mode shape. In possession of the current modal parameters, it is possible to 

modify the computational model parameters in order to achieve the same parameters virtually. 

When the parameters match, the solutions can be used to pinpoint damage locations. 

Although these methodologies are very promising, they present several limitations. Modal 

analysis applications are susceptible to environmental factors and weather conditions, 
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negatively affecting data acquisition and analysis. Implementation in larger structures prompts 

the need of a large number of sensors, especially when pinpointing damage location is 

necessary. These factors could lead to unwieldly datasets. [25] 

 Impact-Echo Method 

Impact-echo is a non-destructive testing methodology that consists on applying excitation on 

an element and analyze how the waves generated by this excitation propagate throughout the 

same face of the tested element. The data acquired by the sensor, or sensors, is further processed 

to assess structural integrity. Readings can occur in several ways as relevant data can vary in 

nature, such as acceleration or sound pressure for instance, and implemented sensors can be 

either contact or contact-less.  

As source of excitation, impact hammers are commonly used for impact-echo testing. One of 

its main advantages is that, apart from the impact head, a force sensor is present on the device 

to ensure that the force of impact is known by the operator. This feature is important as the 

amplitude of the propagated waves will be directly influenced by the magnitude of the force. 

The methodology works by comparing signal readings with an initial ground truth, obtained 

by testing intact elements and surfaces. As the impact force affects the amplitude of the waves 

generated directly, knowing its magnitude is crucial as it allows normalizing the signal 

amplitude to the corresponding impact force, enabling an easier comparison between the 

processed results at different locations. 

When impact hammers are not an option, the necessary excitation can also be produced 

manually. The steel ball and rod configuration is a method commonly employed in this case 

[26-27]. Even though it eliminates the financial requirements to obtain an impact hammer, it is 

impossible to know the exact value of the force applied onto the element. If the impact force is 
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not known, it is necessary to find different approaches and features to successfully normalize 

recorded testing data and be able to compare the readings. 

 Ultrasonic Pulse Velocity 

Ultrasonic waves traveling within a structural member interact with all elements constituting 

the element. Based on this idea, it is possible to analyze variations in parameters of wave 

propagations and correlate these variations to physical properties of the analyzed element.  

Applications regarding pulse velocity became popular on the 1990’s [28]. The method consists 

on electronically measuring velocity of waves traveling through the medium located between 

the transmitter and receiver. The distance between the transducers divided by the time the 

waves take to propagate results in the average propagation velocity [29]. 

The equipment utilized to produce ultrasonic pulses and read their velocities is composed of a 

source connecting two transducers, one working as a transmitter and the other as a receiver. 

The transmitter converts electrical pulses emitted by the source in high frequency acoustic 

waves, which propagates throughout the entire element. The waves are detected by the receiver 

located at the other end of the element and propagation time is recorded. Utilizing the measured 

propagation time along with the propagation distance (length between both transducers), wave 

propagation velocity is calculated. 

Wave velocity is directly related to the element’s density and elastic properties of the analyzed 

material [30], therefore parameters such as elasticity module and compressive strength can be 

approximated based on ultrasonic pulse velocity readings [31]. 

 Ground Penetrating Radar 



	 14	

Ground penetrating radar (GPR) is a NDT that has been extensively implemented and is a 

reasonable tool to detect reinforcement bars in concrete structures. Similarly to the ultrasonic 

pulse velocity presented at 2.3.1.5, GPR employs ultrasonic waves to determine elements 

within concrete structures that may affect propagation velocity of the waves by reflecting them 

back. 

Propagation velocity along with flight time are parameters that can define the depth of the 

reflective elements, which can be either the opposite face of the element, reinforcements, or 

pathologies. In order to allow individual reinforcing members, pathologies, or other depths to 

be identified, GPR is often implemented utilizing a grid of transducers working as both emitters 

and receivers [32-35]. The method is effective for reinforcement detection and localization 

within the structure and overall thickness of concrete elements. However, volumetric 

pathologies such as voids and delaminations can be difficult to assess as the waves lose a 

considerable amount of energy when reflecting off of concrete-air profiles [36]. 

2.2.2 Non-contact Methods 

Non-contact testing methods, as the name suggests, do not require a physical contact between 

data acquisition systems and the analyzed element. The main advantage of non-contact 

structural health monitoring is the efficiency of employed methodologies, as having direct 

access to the element is not required and surface conditions do not affect readings as intensively 

as it affects contact applications [37-38]. Furthermore, contact applications lack automation 

and often requires a complex and expensive sensor setup in order to provide meaningful, 

detailed, and accurate monitoring, not to mention the complexity of data analysis afterwards. 

 Infrared Thermography 
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At the pace that technology improves and the cost of infrared thermal imaging equipment 

becomes more accessible, the usage of such NDT has become more common. Thermal sensors 

detect heat signatures within the infrared spectrum and convert them to a RGB scale, as infrared 

rays are not visible to the human eye. By converting to a visible scale, it is possible to analyze 

heating and cooling patterns across structural elements. With the advances of technology, 

thermal sensors became highly sensitive, being able to detect small temperature variations [39]. 

The concept of thermal image in SHM relies on the fact that heat propagates differently through 

different mediums, as materials have different thermal coefficients. Thus, by analyzing infrared 

thermal imaging it is possible to identify variations within heating or cooling patterns 

throughout the surface of the tested element. In the occurrence of either cold or hot spots, it 

might correspond to anomalies below the surface. Delamination or other pathologies that cause 

air to be present below the surface are not detected through visual inspections but can easily 

detected through thermal scanning. The air trapped within the element blocks the heat from 

propagating, generating warm or cold spots [reference thermal imaging] depending on the 

scenario. Thermal profiles can be analyzed either when heat is applied onto the element’s 

surface or when thermal energy is being dissipated.  

In addition to that, thermography is capable of detecting cracks as small as 0.7 mm along the 

concrete element when structures are mechanically excited. Bridge structures for instance, are 

excited due to cyclic loading caused by ongoing traffic. When structural members are excited, 

fatigue cracks tend to present localized heat signatures due to friction. Furthermore, high-

frequency sonic pulses can be used as a means of excitation [Infrared imaging of defects heated 

by a sonic pulse]. 

 Laser Doppler Vibrometer  
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Laser doppler vibrometry systems are known for accuracy and precision as well as their 

performance when long ranges are employed [40]. Their application is similar to what is 

observed with accelerometers, except instead of recording acceleration, laser vibrometers are 

used to measure vibration amplitude and frequency of the structure from distance [41]. 

Furthermore, it allows data acquisition on subjects which dimensions do not allow the 

attachment of a contact-based sensor, or that are located in areas where access is restricted.  

By analyzing vibration frequency and amplitude, it is possible to acquire modal parameters 

such as natural frequencies and vibration modes. The acquired data can be also used for modal 

analysis, described in 2.3.1.3. When coupled with acoustic excitation, it is possible to acquire 

flexural vibration modes of concrete structures. By analyzing discrepancies on data acquired, 

it successfully allows detection of near surface damages accurately [41]. 

 Computer Vision 

The number of structural health monitoring methodologies making use of computer vision 

techniques are rapidly growing. Computer vision consists on the usage of visual data collected 

through cameras in order to assess structural integrity by detecting and quantifying damaged 

areas. The great advances optics devices, computational power, and ongoing improvement of 

image processing algorithms have allowed the implementation of several approaches regarding 

damage assessment in civil structures. 

In concept, SHM through computer vision works by identifying and, in some cases, quantifying 

superficial pathologies that are visible to cameras. Furthermore, image analysis algorithms can 

be used to extract sensitive features that can be directly related to internal pathologies [42]. 

Two-dimensional (2D) imaging and high-speed video have been used to determine parameters 

such as displacements [43], surface deformation [44], detect and quantify potential structural 
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hazards [13, 45-46], and acquire dynamic properties of structures in motion [47]. With the 

incorporation of depth to 2D imaging, three-dimensional (3D) analysis became a technique that 

has recently been introduced as the scope of some studies regarding structural health 

monitoring. Whereas 2D images could lead to detection and classification of damages such as 

cracks, 3D data opens opportunity for other measurements to be performed, allowing for the 

quantification of volumetric damages such as spalling and other material losses caused by 

external agents.  

There are not many methodologies involving 3D imaging concrete health assessment reported 

in literature, and most of published articles make use of the Structure-from-Motion (SfM) 

approach [48], where 2D RGB images, in conjunction with scaling parameters and other 

properties, are merged together in order to generate a 3D virtual model. Jahanshahi et al. [49] 

utilized the SfM approach along with an unsupervised system for crack detection and 

classification, allowing inaccessible areas to be evaluated from distance. The authors used 

regular 2D photographs taken from several angles and positions to develop a structure-from-

motion (SfM) 3D reconstruction model. To evaluate the cracks precisely, the camera sensor 

must be completely parallel to the surface so there will not be any perspective distortions on 

the final image. It is often impossible to achieve such condition due to the location of the 

structure or the area that needs to be monitored.  

The authors had to incorporate depth to a regular 2D set of images in order to build a 3D model 

of the surface and surpass this limitation. SfM stitches together several 2D images, taking into 

consideration physical properties of the photographic equipment and working distances. When 

dealing with large structures such as bridges, the amount of images necessary to develop a 

consistent model increases drastically. By scaling the 3D model based on the camera’s focal 

length, sensor size, focus distance and resolution, and correcting cracks’ perspective, they ran 
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the images through their previously trained artificial neural networks and support vector 

machine algorithms to detect and quantify the cracks. The depth perception implemented by 

the authors was exclusively to adapt the images to a correct point of view, where the cracks 

would not change their physical dimensions due to wrong perspective. They did not use any 

sort of depth camera, or stereo-vision device.  

After solving the SfM problem, the surface images were converted to binary values and then 

used as input with the proposed algorithms. To detect cracks, the algorithms were previously 

trained using several artificial crack images. These images were random digital replicas of real 

cracks, varying in size, direction and angles. The proposed algorithm identifies cracks by 

analyzing dark pixels after binarization of images within the dataset. By doing that, it was 

possible to determine center line for each crack, and then estimate crack thickness by 

considering the number of black pixels bordering the centerline of each crack, and then 

correlating the obtained pixel count with the image scale. Using lenses with greater focal length 

on a regular digital single lens reflex (DSLR) camera, the authors managed to detect cracks as 

thin as 0.2 mm. Crack depth measurements were not attempted.  

Torok et al. [50] developed an SfM-based methodology that consisted on data collection from 

a robotic platform in a post-disaster scenario, focusing on the three-dimensional reconstruction 

of the elements, damage recognition, and geometrical characteristics. The authors used a 

similar technique, but a single-lens camera was used to perform the assessment. The research 

focus on detecting high-scale cracks on post- earthquake structures. The authors not only aim 

for detecting damaged sections, but also building a 3D model of the damaged element using 

proper color coding pattern to identify damage. The authors developed a remote-controlled 

(RC) unit where the camera device was attached for data acquisition. The images were taken 

by the RC unit surrounding the element at even distances throughout the process. The obtained 
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images were then processed using the same SfM process implemented on the previous study 

to create the three-dimensional cloud data and model, also used as input for their detection 

algorithm. The proposed algorithm resembles FEM surface analysis. Each 3 points of the 

generated mesh was connected, generating a surface mesh composed by triangular elements. 

Comparing the angle shifts of vectors normal to each triangular element, based on a fixed 

threshold, to the ground plane/axial directions, it was possible to determine whether the surface 

had been damaged or not. Visible cracks varying from 2.5 cm to 10 cm in length, with depths 

up to 6 cm were correctly detected during a large-scale testing. Due to the low-resolution sensor 

and the wide-angle lens of the attached camera, reconstruction of cracks smaller than 0.5 cm 

was not possible on the 3-D model.  

The methodology above, however, proves to be effective when a 3D visualization of the 

structure is needed but the damage detection and classification procedures does not rely entirely 

on the measurement precision of the obtained model. Thus, when high precision data is needed, 

a different approach is necessary.  

Another approach to obtain 3D data is to use RGB-D cameras that contain all red, green, and 

blue channels and an extra depth channel (RGB-D), which contain both RGB and depth 

sensors. Depth sensors often put to practice the time-of-flight (ToF) concept, which consists 

on a device with both infrared (IR) emitter and an IR sensor. The IR emitter projects the 

infrared light onto a subject and the light bounces off of the surfaces and back to the device, 

where the IR sensor captures the reflected light, taking into consideration how long the IR light 

took to travel back and forth. The distance between the IR sensor and the IR emitter is also 

known, thus the device is able to determine three dimensional coordinates for each of the 

sensor’s pixels.  
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When considering pavement health assessment, several authors proposed methodologies to 

detect and quantify potholes through a 3D point cloud extracted from inexpensive consumer 

depth cameras. Most of the implemented methodologies utilized the Microsoft Kinect V1 

RGB-D camera, which works in a different way from the Kinect V2. The first model gathers 

depth data by projecting a pattern onto the surface and analyzing its deformation. One research, 

on the other hand, used a low-resolution time-of-flight camera. 

Jahanshahi et al. [51], proposes a model for pothole volume quantification utilizing both RGB 

and depth data originated from the Microsoft Kinect V1 sensor. They proposed a fixed setup 

approach where the sensor was located at a single distance from the pavement surface, which 

was used as initial parameter for a plane fitting to be performed. Damage was detected by 

analyzing a binarized version of the depth map. The volume of the damage was quantified 

afterwards by multiplying the depth difference between the fitted plane and the damage pixels, 

by a fixed pixel size value. There was no ground truth to maximum depth values or volume 

quantification. 

Moazzam et al. [52] set up the same sensor at a fixed distance from the analyzed surface. 

Binarization was applied to the depth map to extract damage areas at all depths, thus enabling 

the calculation of damage volume. The obtained maximum depth values and volume 

calculations deviate from ±15% compared to actual values according to the authors. Kamal et 

al. [53] performed a plane fitting method on the obtained data by applying an average value-

based approach. The fitted plane is then extracted from the segmented depth frame and volume 

is quantified by the summation of all the areas at all depths. The authors also performed 

measurements on a concrete test rig containing six artificial potholes of known dimensions. At 

the minimum distance of 0.80 m, the proposed methodology resulted mean precision error 

(MPE) was 2.58% and 5.47% for depth and volumetric calculations respectively when 
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measuring the test rig. Yuan et al. [54] utilizes the RGB output image to obtain the edges of 

the defects and thus limiting the analyzed area. The proposed methodology did not present 

details of the setup, and only took into consideration maximum depths of potholes. The relative 

measurement error was 8%. 

The presented literature, however, proposed damage quantification methodologies using depth 

camera over damages that are already known by the operator. On top of that, the above 

literature proposed fixed depth camera setups, where the distance between the sensor and the 

object is previously measured and used within the algorithm. This approach restricts their usage 

on various scenarios, and makes it impractical for them to be used on any automated 

implementations. These methods can not identify any spalling or any other type of volumetric 

damage independently, and will only provide the amount of volumetric loss relative to the 

analyzed surface. Therefore, a damage detection and localization method becomes necessary 

to allow a fully automated depth camera damage assessment system.  

Detection and localization of potential structural hazards through 2D imaging can benefit from 

machine learning implementations due to the distinct visual characteristics correspondent to 

each damage. Chen et al. [15] implemented a SVM-based method for corrosion detection on 

steel bridges. Cha et al. [16] proposed a convolution neural network (CNN) capable of 

effectively detecting cracks. Region-based CNNs have also proven to be a useful tool for fast, 

accurate object detection and localization [13-14], and their concept was successfully brought 

into the structural health monitoring field enabling the detection of multiple types of structural 

damages [17]. 
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 Methodology 

The main objective of this study is to automatically detect, localize, and accurately quantify 

the amount of concrete spalled from a concrete element using a cheap consumer depth camera 

by the integration of advanced region-based deep convolutional neural network. 

3.1 Methodology overview 

Its flowchart is visualized on Figure 1. Overall, the algorithm is divided into four steps:  1) 

RGB-D sensor based RGB image and depth data collection. 2) detection and localization of 

damage using deep faster R-CNN-based method; it provides bounding box for the detected 

damage. The details are explained in the section 3.3 and its subsections. 3) segmentation of the 

element’s surface utilizing the bounding box provided from step 2 and point cloud information; 

and 4) segmentation and quantification of the detected damage extracted from the surface 

provided from step 3 and point cloud information as shown in Figure 1. 

 

Figure 1. Algorithm flow chart  
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3.2 RGB-D sensor 

The Microsoft Kinect V2 was utilized as depth camera. Its technical parameters are listed on 

Table 1. It provides RGB image data and point cloud data with resolution of 1920 ´  1080 

pixels and 512 ´  424 pixels, respectively. 

Table 1. Microsoft Kinect V2 specifications 

Microsoft Kinect V2 

RGB camera 1920 ´  1080 pixels 

Depth camera  512 ´  424 pixels 

Max depth distance 4.5 m 

Min depth distance  0.5 m 

Vertical field of view  60̊ 

Horizontal field of view  70̊ 
 

The utilized RGB-D camera put to practice the time-of-flight (ToF) concept, which consists on 

a device with both infrared (IR) emitter and an IR sensor. The IR emitter projects the infrared 

light onto a subject and the light bounces off of the surfaces and back to the device, where the 

IR sensor captures the reflected light. The distance between the IR sensor and the IR emitter is 

known, thus the device is able to determine three dimensional coordinates for each of the 

sensor’s pixels based on how long the IR light took to travel from the emitter to the sensor. 

Figure 2 illustrates the schematics of a ToF sensor. 
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Figure 2. ToF Device schematics 

3.2.1 Point cloud acquisition 

Matlab fully supports Microsoft Kinect V2 interface and provides accessible functions to 

acquire raw depth data. The depth device outputs a 3D point mesh, which is already converted 

into local coordinates using the sensor’s center pixel as origin. The sensor’s internal algorithm 

assigns not-a-number (NaN) values to depth pixels not acquired properly by the sensor on all 

three arrays (x, y and z). Through these implementations, it is possible to isolate the coordinates 

of each point. The overall depth frame is 512 pixels wide and 424 pixels tall. 

Due to lens distortion and vignetting, depth values on the extremes of the frame susceptible to 

greater error rates. The reviewed literature [55] recommends the usage of the central 300 ´  

300 pixels of the depth sensor to avoid this matter, and work distances within the range of 1.0 

m to 2.5 m from the sensor plane to the subject, in order to obtain maximum precision. Based 

on that, these same settings were used on data acquisition. 
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3.2.2 Noise filtering 

In order to reduce the amount of noise on the depth image, a median filter was implemented. 

The median filter covered a 5 ´  5 pixel area. The median filter works by replacing each pixel 

in the depth map with the median value of its neighbors. This assures that the denoised depth 

map does not contain any other value that did not previously existed within the data set. 

3.3  Damage detection and localization using Faster R-CNN 

In order to detect and localize the concrete spalling damage in various concrete beams, Faster 

R-CNN-based damage detection method was adopted. To detect concrete spalling, the method 

only uses the RGB image data provided by RGB-D sensor. The Faster R-CNN was originally 

developed by Ren et al (2016) [14] to overcome the limitation of traditional region-based 

convolutional neural network (R-CNN) [12], and fast R-CNN [13] for object detection and 

localization. Standard CNNs do not provide any bounding box or localization information of 

the classified object within the image, whereas the R-CNN and fast R-CNN provide bounding 

boxes within the input image to localize the detected object. However, both traditional region 

based methods have disadvantages in computational efficiently and running time in order to 

provide bounding boxes.  

Even though the Fast R-CNN presented improvements in computational cost and running time, 

with the adoption of selective search [56], compared to R-CNN, it is still not able to provide 

real-time detection and localization of objects. Ren et al. (2015) developed region proposal 

network (RPN) to improve the computational cost to localize the detected object. The 

developed RPN is integrated to the existing Fast R-CNN by sharing same CNN architecture as 

shown in Figure 3 to reduce computational cost.  
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Figure 3. Faster R-CNN based damage detection system 

3.3.1 Convolutional Neural Networks 

A general CNN architecture can be designed using several types of layers. Common typers of 

layers composing CNN architectures involve input layers, convolution layers, pooling layers, 

activation layers, and output layers. A deep convolutional neural network represents an 

architecture with several layers throughout its extension, requiring the data to go through a 

variety of operations before final classification. Some auxiliary layers, such as dropout, 

rectified-linear unit layers (ReLU), and batch normalization (BN) layers, can be also be part of 

the desired architecture. A more in-depth description and function of each layer is provided on 

the next sections. 

 Convolutional Layers 

Convolutional layers are the most significant type of layers within CNNs, as they include a 

variety of filters, or kernels, with variable weights. Kernels have the same depth as the data 

used as input to the layer, but with smaller dimensions. Considering RGB images as input, the 
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kernels will carry the same depth size of 3. The filters work by sliding through the extent of 

the input images, therefore the need of smaller dimensions. For each step, or stride, a dot 

product is calculated (convolution) between the filter and the corresponding data on the input 

image. The size of the stride will define the size of the output for each filter. Higher strides 

lead to smaller filter outputs and computational cost, considering that a lower amount of steps 

will be necessary for the filter to go through the entire image. However, large strides tend to 

cause a smaller number of features to be extracted, as sensitive information can be ignored due 

to size of the step. The calculations obtained from the dot product of each kernel are combined, 

resulting in a spatial output of the layer. Figure 4 provides visualization regarding how kernels 

are applied on an image matrix. 

 

Figure 4. Kernel applications 

 

 Pooling Layers 
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Pooling layers are responsible for reducing the spatial size of the input data. By down-sampling 

the input data, computational cost is reduced as well as the probability of over-fitting. Two 

different alternatives for pooling layers exist: max pooling and mean pooling. Max pooling 

filters maximum values from the input up to a certain predefined level, while mean pooling 

takes mean values. These layers work similarly to convolutional layers, as the sliding window 

concept is also implemented, filtering out maximum and mean values within each step. 

 Activation Layers 

Sigmoidal functions have been commonly implemented in typical artificial neural network 

(ANN) applications in order to incorporate nonlinearity to the analysis. The rectified-linear 

unit (ReLU) layer [57], for instance, have been introduced as an alternate nonlinear activation 

function to the sigmoidal functions. While standard nonlinear function options are numerically 

restricted to both positive and negative results, ReLU layers do not operate in the same way. 

Such layers operate in such manner that they are only bounded to negate input values. 

Consequently, the gradients of the ReLU are always binary, which ensures fast, reduced 

computation, in addition to smaller errors. 

 Fully Connected Layers 

The data output from convolutional layers come as a form of high-level, sensitive features 

within the dataset. Implementing a fully-connected layer after convolutional layers provides a 

way for the architecture to identify relevant nonlinear combinations of these features. Fully 

connected layers operate as a standard ANN, classifying the input data according to the output 

options defined. Furthermore, weights are learned by back-propagating error values all the way 

to convolutional and pooling layers. 

 Auxiliary Layers 



	 29	

The most common issue faced by machine learning applications is overfitting. Overfitting 

occurs when error values for the specific training dataset stand at an optimal scenario, with 

minimal discrepancies, but the trained model is unable to generalize to new examples that are 

not present within the initial dataset. This is observed when training accuracy and validation 

and testing accuracies differ by a large margin. To overcome this issue, auxiliary layers can be 

implemented onto the architecture. Dropout layers [58] are used. The concept behind dropout 

layers is that, by disconnecting random neurons within the fully-connected layer with a certain 

dropout rate, the architecture is able to generalize training sets much more efficiently. Even 

though this regularization technique slightly worsens error values obtained when training, 

validating, and testing the architecture, such increase in error values means an improvement in 

the generalization ability of the proposed model. Figure 5 illustrates the effect of dropout layer 

over a fully-connected layer. 

 

Figure 5. Dropout 

 Softmax Layer 
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In order to correctly classify input data, it is required to implement a classification layer. 

Softmax layers apply the softmax function to the input data. Generally speaking, the softmax 

function is a generalization of a sigmoidal function, taking as input a vector of size K and 

outputs a set of K real values varying from 0 to 1, where the summation of all K values is equal 

to 1. The set of data output from the softmax function can be interpreted as a probabilistic 

distribution for the input vector, thus defining a probability score for each class that the 

architecture is set to identify.  

 Bounding Box Regressor Layers 

Region proposals, which are generated prior to classification stage, may not exactly overlap 

with the actual bounding box surrounding the desired object. Thus, bounding box regressor 

layers prove to be essential when refinement is necessary. The data output from pooling layers 

is used for the regression method, based off of weights learned during the training. The training 

process finds the best appropriate weights in order to accurately draw out relevant features that 

are able to define the best starting point for the bounding box, as well as height and width. 

3.3.2 Region Proposal Network (RPN) 

The goal of the RPN is to take an image as input and output region proposals as shown in 

Figure 2. Each of the proposals has a score correspondent to the membership of a set of classes 

against the background. In order to reduce computational cost, the Fast R-CNN method and 

the RPN to share a common set of convolutional layers.  

The input image passes through a convolutional network which outputs a set of convolutional 

feature maps. Then, a sliding window runs over these generated convolutional feature maps. 

At each sliding-window location, multiple region proposals are predicted based on a predefined 

number of anchor boxes. An anchor is a reference box with a set of scales and aspect ratios, 
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and is centered at the sliding window in question. The code uses three scales and three aspect 

rations by default, which results in nine anchors for each sliding position. Positive or negative 

classification is computed for each anchor considering the Interest-over-Union (IoU) between 

the analyzed anchor and ground-truth bounding boxes on the image. Anchors with overlaps 

greater than 70% are classified as positive (1), whereas overlaps smaller than 30% are classified 

as negative (0). Anchors with overlaps between 30% and 70% are not considered for the 

training objective. The anchors along with their respective classifications are fed into a sliding 

convolutional layer, followed by a rectified linear unit (ReLU) layer and then onto a fully 

connected layer.  

The features output by the fully connected layer are fed into a classification layer (softmax) 

and into a regression layer. The regressor layer determines bounding boxes for the predictions, 

and the classifier outputs a probability score varying from 0 to 1, indicating whether or not the 

proposed bounding box contains an object (score of 1) or background (score of 0). The 

proposed bounding boxes are referred as region proposals.  

The network is trained end-to-end for both classification and regression layers by mini-batch 

sampling. Each mini-batch comes from a single image with several positive and negative 

anchors. The loss function of a mini-batch is calculated for each image by randomly sampling 

256 anchors, where at least 128 anchors are positive in order to reduce negative bias towards 

the loss function. Both the IoU percentage and the final classification score for each region 

proposal are considered when calculating the loss values. All layers are randomly initialized 

from zero-mean Gaussian distribution with standard deviation 0.01. Shared convolutional 

layers are initialized by pre-training a model for ImageNet classification. 
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3.3.3 Fast R-CNN 

The Fast R-CNN network takes as input the set of pre-computed region proposals output from 

the RPN method and an entire image as shown in Figure 2. These proposals are then combined 

with the original feature map output from the initial CNN, resulting in regions of interest (RoI). 

A fixed-length feature vector is extracted from the resulting feature map by a RoI pooling layer 

for each object proposal. These vectors are used as input into fully connected layers, followed 

then by regression and softmax layers, outputting location and classification of bounding 

boxes. Therefore, through this process, the Fast R-CNN provides more fine-tuned information 

of bounding boxes and their classification through fully connected layers of the Fast R-CNN. 

3.3.4 ZF-Net for Faster-RCNN 

Shaoquin et al. investigated two architecture models when implementing the Faster R-CNN 

methodology: The Zeiler and Fergus model, also known as ZF-Net [59] and the Simonyan and 

Zisserman model, also known as VGG-16 [60]. Comparing both models, ZF-net has the fastest 

training and testing speed. The ZF-Net was first introduced as being composed of 5 

convolutional layers (CONV), two fully connected layers (FC) and an softmax layer for output, 

winning the Large-scale Visual Recognition Challenge 2013 (ILSVRC2013). The original ZF-

Net was modified by the authors to implement Faster R-CNN. The new architectures are 

described on Tables A.1 and A.2 for both RPN and Fast R-CNN stages as shown in Figures 6 

and 7 respectively. In order to share computational power, RPN and Fast R-CNN stages share 

the outputs from layers 1 through 9.  
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Figure 6. Modified ZF-Net for RPN 

 

Figure 7. Modified ZF-Net for Fast R-CNN 

To allow RPN, the authors replaced the last max-pooling layer and fully connected layer by a 

sliding convolutional layer, which is followed by a fully connected layer. The softmax layer is 

replaced by a softmax and regression layers. The convolutional layers are followed by a ReLU 

activation function in order to provide non-linearity to the model [57], allowing each sliding 

window to be mapped to a lower-dimensional feature, and feeding it into the softmax and 

regression layer. For Fast R-CNN, the last max pooling layer of the original network is replaced 

by a RoI pooling layer. Dropouts layers were also added between the first three fully connected 

layers to prevent overfitting of the model. As the RPN model, the softmax layer was replaced 

by a softmax and regressor layers. 
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3.4 Surfaces segmentation 

In order to quantify the volume of the spalling, standard surface of the detected spalling should 

be identified.  A plane fitting implementation using the random sample consensus (RANSAC) 

algorithm is performed [61]. The RANSAC algorithm consists on a random selection of points 

to fit in a plane according to predefined parameters such as a reference vector, a distance 

threshold, and maximum angular distance between each point’s normal and the reference 

vector. Figure 8 illustrates the application of a RANSAC regressor on a generic 2D dataset, as 

well as the results obtained by linear regression over the same data. When implementing the 

routine using 3D data, the algorithm fits a plane to the greatest amount similar data points 

according to the assigned threshold values. However, concrete elements such as columns and 

beams can often be found offset from other elements such as walls or slabs, which could 

potentially lead to identification of the wrong surface by the algorithm, as slabs or walls 

elements usually possess surface areas significantly larger than common structural elements 

such as columns and beams. To overcome this issue, the location of the bounding boxes 

generated by the Faster R-CNN are used for the RANSAC algorithm to fit a plane.  
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Figure 8. RANSAC vs Linear Regression on 2D data 

The Faster R-CNN output bounding box locations by processing the initial RGB frame of the 

sensor. The Microsoft Kinect V2 libraries allow the operators to merge both RGB and depth 

frames, outputting a colored point cloud. By knowing the boxes location on the original RGB 

image, it is possible to extract their coordinates relative to the 3D point cloud. Making use of 

these coordinates as initial reference points for the plane fitting routine allows a fast and plane 

segmentation. 

On the presented scenarios, a reference vector parallel to the sensor’s normal is adopted, along 

with a 5˚ maximum angular distance. This eliminates the requirement for the sensor to be place 

perfectly parallel to the surface plane. A distance threshold of 5 mm was also used as parameter 

for the RANSAC function. Every data point that does not satisfy the assigned thresholds would 

be considered an outlier 
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The reviewed literature extracted the desired surfaces based on fixed, initial parameters 

acquired from external measurements of the implemented setup. Furthermore, the authors did 

not consider the possibility of having multiple surfaces [51-53]. The proposed methodology 

will run and fit a plane regardless of the distance between the sensor and the damaged surface 

as long as it is within the equipment’s working distance, relying solely on the point cloud data 

output from the sensor, without the need of any other measurement of any kind. 

3.5 Damage segmentation 

Analyzing the 3D depth cloud, the outliers of the desired fitted plane are then analyzed to 

determine whether or not they are located within the limits of the inliers of the same plane. If 

so, the outliers are classified as damages. This process simultaneously filters possible null 

values (NaN) from the depth data. 

To allow separate quantification of multiple damages within the same surface, a K-means 

clustering [62] combined with a hierarchical cluster analysis [63] routine is implemented to 

segment the outliers as individual damages. While k-means clustering is efficient, it was mainly 

designed to identify cluster with spherical shapes, being inefficient when general-shaped 

datasets are analyzed. Hierarchical clustering, on the other hand, is able to define and segment 

groups with general shapes, but lacks efficiency when considering the computational power to 

analyze large datasets.  The combination of both methods makes the segmentation faster and 

more precise [64]. 

The k-means clustering approach is one of the simplest unsupervised learning algorithms to 

solve a clustering problem. The algorithm utilizes a simple approach to classify a given dataset. 

By defining a k number cluster and comparing the distance of each point within the dataset 

between every other data point of the same dataset. Clusters will be defined in such way that 
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the variance (or the sum of squares) of each cluster is minimized. The algorithm uses an 

iterative refinement technique. Given an initial dataset, the algorithm starts alternating between 

an assignment step and an update step. The assignment step consists on assigning each 

observed point to a reference cluster, making sure that the squared Euclidean distance (Eq. 1) 

between each point (P1) and the centroid of the cluster which the point was assigned (P2) to is 

the least amongst all k centroids. The update step consists on the calculation of new coordinates 

for the centroid after the cluster has been assigned with a new data point. The algorithm stops 

iterating when the assignment step is not able to propose new assignments. In this study, a 

number of 1000 clusters will be utilized in this routine. This number of clusters was defined 

via trial and error considering run time. 

 

d(P$, P&) = 	 (P$* − P&*)²
*

 

where,  

 P1 = Point 1 

 P2 = Point 2 

i = each point’s coordinate reference axis 

d	= Euclidean distance between P1 and P2 

The k-means algorithm outputs 1000 clusters and, consequently, 1000 centroid locations, 

which will be used as input for the hierarchical clustering algorithm. Utilizing this initial step 

minimizes the amount of data points processed by the next algorithm. 

Hierarchical clustering works by calculating the Euclidean distance 𝑑 (Eq. 1) between every 

pair of points 𝑃$ and 𝑃& within the entire data input which is, in this case, the centroids, and 

then proceeds linking the pairs that are close together into binary clusters. Considering that the 

(1) 



	 38	

perform distance calculations between a single point and all the remaining points within a set, 

reducing the amount of data reduces computational time and power drastically, as the number 

of calculations is defined according to Equation 2. These clusters are linked with others to form 

larger clusters repeatedly, until all the data has been grouped. A maximum number of clusters 

is predetermined, and each cluster index is then attributed to its correspondent depth point. 

 
n3453 = 	𝑝& 

where, 

 n3453 = number of calculations performed 

 𝑝 = number of points to be clustered 

On the presented methodology, a maximum number of clusters was defined in order that the 

number of bounding boxes output from the damage detection routine. This alternative proves 

to be viable as it allows the algorithm to perform damage segmentation for scenarios where the 

access is restricted. The clustering routine is key to volume quantification as it segments each 

damage based on their depth data relative to the surface, ensuring that even pixels located 

outside of the bounding boxes, previously generated by the Faster R-CNN, are considered for 

damage quantification. 

3.6 Volume quantification 

In order to quantify the volume of each individual damage, it is necessary to quantify the 

volume of each respective pixel that corresponds to the damage. The depth frame contains a 

set of coordinates (x, y, z), relative to the center of the sensor, for each individual pixel.  Each 

pixel covers a small portion of the surface area of the damage. This area varies with the 

distance, and can be calculated using information about the optics of the lenses within the 

(2) 
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Microsoft Kinect V2. In possession of the coverage area of each pixel, multiplying this value 

by the depth of the damage relative to the surface of the element results in a small volume 

measurement that corresponds to that specific pixel alone. By adding the volume of each 

subsequent damage pixel, it is possible to quantify the entire volume of the damage. Figure 9 

better exemplifies this concept providing a good understand of utilized variables and 

measurements. The following describes in detail all the mathematical steps for volume 

quantification. 

The fitted plane model returns the plane’s normal vector, along with the constant coefficients 

a, b, c and d, which make part of the plane equation (Eq. 3). These values can be extracted and 

be used to create a  Z89 = 	f(x, y)	 (Eq. 4) function to determine the exact depth distance of 

each point from the fitted plane as shown in Figure 5. 

ax + by + cz + d = 0 

Z89(x, y) 	= 	
−(ax + by + d)

c
 

where Z89 is depth coordinate of the nth pixel.  

(3) 

(4) 
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Figure 9. Volume quantification 

The area covered by each pixel varies accordingly to its own depth plane. On closer distances, 

pixels can cover an area of as small as 1 mm², whereas on longer depths can reach values 

greater than 35 mm². The coverage area of the nth pixel is determined according to Eq. (5). 

 
A89 = 	α	x	β	x	Z89& 

where, 

A89	= Area of coverage (m2) of the nth pixel 

α = Constant based on Kinect’s horizontal field of view (0.0024066) 

β	= Constant based on Kinect’s vertical field of view (0.0024698) 

In order to calculate the volume covered by each pixel, it is necessary to obtain the distance 

between the pixel itself and the surface plane of the element. The surface plane is ruled 

(5) 

(6) 
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by Eq. (3), and the depth of each pixel within the plane can be acquired from Eq. (4). Therefore, 

it is possible to obtain the value of the depth relative to the element’s surface by subtracting 

the correspondent z coordinate of the fitted plane from every pixel’s z coordinate (Eq. 6). 

D89 = Z89 −	ZG89 

where, 

D89= Relative depth of the nth pixel 

Z89	= Depth coordinate of the nth pixel 

ZG89	 = Depth coordinate of the correspondent nth pixel on the fitted plane 

Since the proposed routine calculates the volume of each and every pixel within the damaged 

area, it allows a proper quantification of any volumetric damage, regardless of its geometric 

form. 

For each segmented damage, the volume of each correspondent pixel is calculated by 

multiplying its area of coverage and its relative depth to the fitted plane, and then are added 

together (Eq. 7). The final volume calculated by the summation of each individual 

damages (Eq. 8).  

VI* = 	 A89	x	D89
9

 

VJ = 	 VI*
*

 

where, diV  is calculated volume for the ith individual damage, and tV  is total calculated volume. 

  

(7) 

(8) 
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 Experiments 

The first step of this method is training, validation and testing Faster R-CNN based concrete 

spalling detection method. Using the detected concrete spalling information, damage 

quantification is conducted by the depth cloud information with suggested method described 

in Chapter 3. 

4.1 Faster R-CNN Training, Validation, and Testing 

Faster R-CNN has a significant task in the methodology: damage detection. To allow for 

spalling detection, 749 images with resolution of 2560 ´  1440 pixels and aspect ratio of 16:9 

were collected using a smartphone camera. The camera, aspect ratio, and resolution were 

chosen in such way that the output images would be similar to the ones produced by the Kinect 

RGB sensor. The images were captured with distances of 0.5 to 2.5 m between the camera and 

the subjects, under different lighting conditions. The subjects contained artificial damages 

produced under lab conditions. The acquired images were then cropped into 1091 images, with 

dimensions of 853 ´  1440 pixels, which compose the proposed database. The cropped images 

were annotated according to the proposed damage type. The labels and bounding boxes for 

1935 objects were produced. Figure 10 shows examples of annotated images. 
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Figure 10. Annotated traning samples 

 

Training and validation, and testing datasets were manually produced to assure that no damage 

would be present in both sets simultaneously. A total of 191 images with resolution of 853 ´  
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1440-pixel images were selected to contain the testing set. The remaining 900 images were 

randomly selected to compose the training and validation sets, such that the training image 

contains 600 images and validation set contains 300 images. Data augmentation was applied. 

Horizontal flipping and exposure adjustments were performed on the training and validation 

image sets, which was posteriorly used on the training and validation of the network. The final 

number of images containing the dataset was 3455, with a total of 5522 bounding boxes labeled 

for spalling. 

The experiments were conducted using the open source Faster R-CNN library (Ren et al., 2016) 

MATLAB 2017a, CUDA 8.0, and CUDNN 5.1 on a desktop computer equipped with an Intel 

Core i7-6700k 4.2 GHz CPU, 16 GB DDR4 ram memory and an EVGA GTX 1070 FTW with 

8 GB of video ram memory. The RPN and Fast R-CNN networks are trained with learning rate 

set to 0.001, momentum set to 0.9, and weight decay set to 0.0005, performing 80,000, 40,000 

iterations, respectively, for the final training. 

There is no simplistic approach to determine what are the best anchor parameters for the Faster 

R-CNN, thus, a trial-and-error approach was performed. To determine optimal anchor sizes 

and ratios for the training set, 12 combinations of anchor aspect ratios and three combinations 

of anchor sizes were analyzed. The network was trained a total of 37 times, in which 36 of 

them were trials. To reduce training time, the amount of iterations for each trial training was 

reduced in 10 times. The combination that resulted best AP was selected and trained with the 

full amount of iterations. 

To enhance object detection for small damages, the input images for training and validation of 

the Faster R-CNN were scaled from 853 pixels on the shortest side to 1000 pixels, conserving 

the aspect ratio of the original 853 ´  1440-pixel input images. The scaling parameter resizes 

the training images based on a predefined dimension. The proposed method enlarges the input 
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images in order to allow detection of smaller damages and enhance the capabilities of the 

network. The sliding convolutional layer of the RPN was set as having a stride of 16 on the 

feature map. The scaling and stride parameters were defined through trial and error. 

4.2 Setup for Damage Segmentation and Quantification Experiments 

To test the proposed method, damage segmentation and quantification was carried out under 

two different scenarios, using different test subjects. Initially, a polystyrene foam test rig with 

a total of eight circular-shaped simulation damages was developed as shown in Figure 11 (c), 

numbered 1 through 8. The damage dimensions are randomly attributed and the inner surfaces 

are heat treated to remove roughness. As verified by [65], harsh direct sunlight interferes 

greatly on the output point cloud since the sensors acquire depth data through IR imaging. The 

readings were taken indoors, under indirect sunlight, in order to ensure optimum reading 

conditions. 

(a) 
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(b) 

 

(c) 

  

Figure 11. (a) Sensor setup, (b) artificial spalling on concrete, (c) artificial damage on foam 

rig 

A concrete beam with 35 cm of height was utilized for the second stage of the experiment as 

shown in Figure 11 (a-b). Four different damages of random dimensions simulating material 

spalling were broken into the member using a jack hammer as shown in Figure 11 (b), 

numbered 1 through 4. No treatment is performed on the damages’ inner surfaces. The readings 
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were taken during the day, indoors, under indirect sunlight and artificial lighting to ensure best 

data accuracy. 

Ground truth volume measurements were performed on both elements. The voids were filled 

with tap water and set to rest for one hour to reach surface saturation, then refilled to surface 

level. The water was extracted using a syringe, and volumes were measured through a 

graduated cylinder. The maximum depth for each damage was taken using a caliper. A steel 

plate of known thickness was placed on top of the surfaces to allow proper the measurement.  

Figure 11 (a) illustrates the depth sensor initial setup to acquire data of the concrete element. 

The same setup procedures were performed on the first scenario. The sensor was placed on top 

of a sturdy tripod to prevent any type of shaking, and to allow a proper alignment between the 

sensor plane and the element. The sensor was positioned approximately in parallel with the 

elements’ surfaces, aiming directly at their center. No measurement tool was utilized to assure 

alignment. The depth frames were taken at distances varying from 1.0 m to 2.5 m, with 0.25 m 

increments, totaling seven reading distances.  

4.3 Preliminary Validation of Surface Segmentation Method 

In order to test the proposed approach for surface segmentation, the Faster R-CNN was utilized 

to generate bounding boxes for the affected surfaces. Both the foam test rig and the concrete 

beam were utilized. 

The Faster R-CNN-based detection method implemented for this study was not suitable to 

identify damages on the foam test rig as its characteristics totally differ from a concrete 

member. To overcome this issue and allow automatic damage detection on the foam, a tryout 

was performed utilizing a previously developed Faster R-CNN-based classifier to detect 

corrosion in bolt heads, developed by Cha et al [16]. The artificial damages produced onto the 
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test rig resembles corroded bolt heads due to their circular shaped and stains present on the 

surface of the damages. The Faster R-CNN-based damage detection algorithm was modified 

with the bolt corrosion classifier and was used to carry out preliminary tests for the proposed 

approach. Figure 12 (a), acquired by the RGB stream of the RGB-D sensor, was used as input 

on the modified Faster R-CNN. The modified Faster R-CNN-based method successfully 

detected the presence of damage on the test rig, even though the results are not precise. Since 

the classifier was trained for a detecting completely different objects, errors were expected. 

The output image contains yellow bounding boxes drawn onto the original image, as shown on 

Figure 12 (b).  

  

(a) (b) 

Figure 12. (a) Test rig; (b) detected damages. 

The image output by the modified Faster R-CNN is then merged with the point cloud. The 

coordinates of the bounding boxes relative to the 3D point cloud are extracted and used as 

initial parameters for the RANSAC routine to fit a plane onto the surface of the element. Figure 

13 displays how the 3D point cloud looks after the both RGB and depth frames are combined. 
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The color information of all pixels was preserved to allow better visualization at this 

preliminary stage. 

 

Figure 13. RGB and depth frames combined 

In possession of the initial reference points, the RANSAC routine is able to fit a plane onto the 

proposed surface. The inliers of the segmented surface can be visualized on Figure 14. 
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Figure 14. Surface extracted by RANSAC routine 

Based on these preliminary results, it is possible to infer that the current proposed workflow is 

able to successfully segment surfaces of damaged members utilizing the bounding boxes output 

by an object detection method as an initial reference for the RANSAC routine. 
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 Results 

This section will present results regarding each step of the methodology. Furthermore, 

discussions towards the results will be provided. 

5.1 Faster R-CNN-based Damage Detection System 

The training of the network was performed using the four-step strategy. The training time on 

GPU mode is approximately 14 hours due to the resolution of the training set. Smaller 

resolutions lead to faster training.  

The network requires 0.08s in GPU mode to evaluate each 853 ´  1440-pixel image and 2.80s 

in CPU mode. The highest AP amongst all trainings was 90.79%. For such precision, the 

anchor sizes and anchor aspect ratios were found to be 128, 480, and 880, and 0.5, .85, and 

1.85, respectively. Testing the final model with new images yielded acceptable results. The 

output of the network on real-life damages can be visualized on Figure 8(a-c). Confidence 

levels on the presented cases ranged from 60.5% on Figure 8(a) to 85.9% on Figure 8(c). 

When using Figure 7 (b) as input, the network provided accurate detections, which can be 

visualized on Figure 9. Bounding boxes were drawn within acceptable range past damage limits 

and confidence levels were strictly high, with 100% confidence on all 4 damages for Figure 7 

(b). 
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Figure 15. Detected volumetric losses on concrete beam 

To test the robustness of the Faster R-CNN-based damage detection method, a series of images 

were used as input to the algorithm. The samples were obtained from structural elements from 

bridges throughout the city of Winnipeg, Manitoba. Samples of structural elements produced 

in laboratory were also used. The detection method was able to identify all damages within the 

frames. Confidence levels varied from 95.7% to 100% 

  



	 53	

  

  
(a)                                                                            (b) 

Figure 8. (a) Input images; (b) detected spalling. 

5.2 Damage Segmentation and Quantification 

A total of three readings were taken for each of the seven distances at each scenario, and the 

average of all three volume calculations were taken into consideration. The algorithm is able 

to identify the proposed surfaces, and segment and quantify the damages, regardless of their 

size, depth, and the distance between the sensor and the element. The bounding boxes indicate 

the presence of damages within the concrete surface, and are used to segment such surface. In 

possession of the surface coordinates, it is possible to extract pixels correspondent to damages. 
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Damage pixels that are outside of the bounding box, but are within the surface limits are 

considered for volume quantification as mentioned in section 2.4. 

Volume calculation results for the polystyrene test rig are listed on Table 2. The relative error 

for total volume ranged from 1.49% on closest distance to 13.83% on the farthest distance, and 

the mean precision error (MPE) in volume calculation of all individual damages considering 

all distances was 14.9%. 

Despite the variance, the errors within the range were consistent, varying small amounts when 

increasing the distance between the sensor and the element. Data collected at 200 cm from the 

test subject resulted on the best accuracy other than the smallest working distance of 100 cm. 

In addition to that, the smallest damages (2 and 4 on figure 7(c)) of the test rig presented the 

highest mean precision errors of 30.42% and 25.57% respectively, reaching up to 49% on the 

farthest distance. Removing these damages from the total MPE results in a reduction of 4.37%. 

Analyzing the closest working distance of 100 cm, the obtained MPE was 9.22% considering 

all damages and 7.01% when both damages 2 and 4 were not taken into consideration due to 

large amount of error. These values are greater than the 5.47% MPE obtained from [53], but 

the tested material needs to be taken into consideration since the authors used a concrete test 

rig. The reflectance of the IR light depends on the material which it is being reflected off of 

[65], therefore the test rig being of distinct materials could account for most of the difference 

of the observed error rates. Other than that, the MPE of individual damages excluding those 

from damages 2 and 4, were all smaller than the error observed on [52]. 

Table 2. Test rig at distances from 100 to 250 cm 

Damage 1 2 3 4 5 6 7 8 Total 

68 17 99 10 61 371 210 130 966 



	 55	

Ground Truth 

Volume 

(cm³) 

Distance (cm)          

100 Calc. 

Volume 

(cm³) 

64 14.8 104.5 7.9 52.27 351.7 222.7 133.7 951.57 

Error (%) 5.88 12.94 5.56 21.00 14.31 5.20 6.05 2.85 1.49 

125 Calc. 

Volume 

(cm³) 

62.2 14.2 97.9 7.4 48 343.6 202.6 111.7 887.6 

Error (%) 8.53 16.47 1.11 26.00 21.31 7.39 3.52 14.08 8.12 

150 Calc. 

Volume 

(cm³) 

68.6 7.9 99.2 7.7 47.8 336.9 199.9 103.1 871.1 

Error (%) 0.88 53.53 0.20 23.00 21.64 9.19 4.81 20.69 9.82 

175 Calc. 

Volume 

(cm³) 

78 12.7 113.3 11.4 59.6 331.4 183.8 100.4 890.6 

Error (%) 14.71 25.29 14.44 14.00 2.30 10.67 12.48 22.77 7.81 

200 Calc. 

Volume 

(cm³) 

75.3 19.4 104.9 8.2 57.4 334.8 185.2 114.5 899.7 

Error (%) 10.74 14.12 5.96 18.00 5.90 9.76 11.81 11.92 6.86 

225 Calc. 

Volume 

(cm³) 

58.3 9.7 91.9 5.2 46.2 307 188.3 121.8 828.4 

Error (%) 14.26 42.94 7.17 48.00 24.26 17.25 10.33 6.31 14.24 

250 Calc. 

Volume 

(cm³) 

63.3 7.9 85.9 3.1 36.8 319.7 177.3 102.9 796.9 

Error (%) 6.91 53.53 13.23 69.00 39.67 13.83 15.57 20.85 17.51 
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Figures 16 through 18 were obtained by processing the depth frame taken at the distance of 

100 cm with the proposed methodology. Figure 16 illustrates the depth cloud correspondent to 

the test rig after noise reduction. The test rig was offset from a wall (identified as the yellow 

points). As described on Section 2.1.1, only the center 300 × 300 pixels were taken into 

consideration. The extracted surface of the test rig can be visualized at Figure 17. The surface 

extraction for the test rig was performed as described in 4.3. The segmented damages can be 

visualized on Figure 18 on both 2D (a) and 3D (b). 

 

Figure 16. Foam denoised depth cloud 
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Figure 17. Extracted surface from foam rig 

(a) 
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(b) 

 

Figure 18. Damage segmentation on foam rig: (a) front view, (b) 3D view 

The volume calculations for the concrete beam are listed on Table 3. Similarly to the previous 

scenario, extreme error readings over total volume were observed on the extreme working 

distances, ranging from 5.82% to 13.78%. The observed MPE in volume calculation of all 

individual damages considering all distances was 9.45%. The surface roughness of the concrete 

damages could be responsible for the significant error difference between the values from the 

test rig at minimum distances. The most accurate volume calculation other than at closest 

distance was obtained at the distance of 225 cm, similarly with the test rig. All damages showed 

similar individual MPEs across the range and size did not exert any influence on the accuracy. 

The total MPE of 9.45% is 37% smaller than the 15% error rate presented at [52]. In addition 

to that, since both the beam and the test rig utilized by [53] are made of concrete, it is possible 

to compare both results directly. The MPE of 5.28% obtained through the experiment at the 

shortest distance is smaller than the 5.47% error rate acquired by the authors, even with farther 

minimum working distance. This demonstrate the superior capabilities of the proposed 

methodology over previous studies. 
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Figures 19 through 22 were obtained by processing the depth frame of the concrete beam, taken 

at the distance of 100 cm. Figure 13 illustrates portion of the depth cloud acquired by the sensor 

after noise reduction, described in section 2.1.2. The entire frame covers an area of 

approximately 6 m wide and 3 m tall. The beam surface is the dark-blue region at the bottom 

of Figure 19, centered at coordinates (0.0, 0.0). As described on 2.1.1, only the center 300 x 

300 pixels were taken into consideration. Figure 20 displays the overlay of the bounding boxes 

onto the point cloud. The extracted surface of the concrete element can be visualized at Figure 

21. The segmented damages can be visualized on Figure 22 on both 2D (a) and 3D (b). 

         

Figure 19. Denoised depth cloud of concrete beam 
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Figure 20. Crop view of bounding boxes overlaying point cloud 

 

Figure 21. Extracted surface from concrete beam 
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(a) 

 

 

(b) 

 

Figure 22. Concrete beam damage segmentation: (a) front view, (b) 3D view 

Table 3. Concrete beam at distances from 100 to 250 cm 

Damage 1 2 3 4 Total 

Ground Truth Volume (cm³) 503.33 429.33 114.67 165.67 1213 

Distance (cm)      

100 Calc. Volume (cm³) 473.6 383 118.9 166.9 1142.4 

Error (%) 5.91 10.79 3.69 0.74 5.82 

125 Calc. Volume (cm³) 495 402 106.5 147.6 1151.1 

Error (%) 1.65 6.37 7.12 10.91 5.10 

150 Calc. Volume (cm³) 471.7 402.9 90.8 133.4 1098.8 

Error (%) 6.28 6.16 20.82 19.48 9.41 

175 Calc. Volume (cm³) 440.6 357.3 92.7 131.2 1021.8 

Error (%) 12.46 16.78 19.16 20.81 15.76 

200 Calc. Volume (cm³) 432.5 330.9 114.3 157.8 1035.5 
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Error (%) 14.07 22.93 0.32 4.75 14.63 

225 Calc. Volume (cm³) 453 369.9 104.8 162.5 1090.2 

Error (%) 10.00 13.84 8.61 1.91 10.12 

250 Calc. Volume (cm³) 432.6 361.3 101.7 150.2 1045.8 

Error (%) 14.05 15.85 11.31 9.34 13.78 

 

Maximum depth values for each set of damages on each frame were also taken. Table 4 lists 

the obtained values sided with their respective ground truth for each scenario. The sensor 

sustained a considerable accuracy of less than 10% for maximum depth measurements on all 

tests. Considering the shortest distance of 100 cm, a relative error of 1.15% was obtained, 

whereas [52] presented accuracy of 2.58% for maximum depth measurements on the concrete 

test rig at a distance of 80 cm. When comparing with the MPE of 8% obtained from [53], the 

maximum depth measurements of the proposed methodology on the concrete beam show a 

better result even at the farthest distance of 250 cm. 

Table 4. Maximum depth measurements 

Foam  Concrete 

Distance 

(cm) 

Ground     

(cm) 

Measured 

(cm) 

Error 

(%) 

 Distance 

(cm) 

Ground     

(cm) 

Measured 

(cm) 
Error (%) 

100 3.79 3.64 3.96  100 5.2 5.26 1.15 

125 3.79 3.67 3.17  125 5.2 5.19 0.19 

150 3.79 3.63 4.22  150 5.2 5.07 2.50 

175 3.79 3.58 5.54  175 5.2 5.06 2.69 

200 3.79 3.52 7.12  200 5.2 5.03 3.27 

225 3.79 3.46 8.71  225 5.2 4.92 5.38 

250 3.79 3.42 9.76  250 5.2 4.81 7.50 

MPE = 6.07%                                           MPE = 3.24% 

Some observed errors were higher on the test rig than on the concrete beam possibly due to the 

reflectance capabilities of the material as mentioned before. Furthermore, the shape and 

position of the damages could impact on the accuracy of the measurements as well. The fact 
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that the IR projector was not aligned with the horizontal centerline of each individual row of 

damages but with the one between both rows, as well as the sharp edge of the damages, could 

have significant impact on the IR distribution within the inner surface, causing small 

shadowing below the top and bottom areas of some damages depending on the working 

distance. This is not observed on the concrete beam since the damages are located along the 

element following a centerline. Damage 3 and 4 from the concrete beam possess, in fact, 

different horizontal centerlines, but they are not far from each other and the inwards deflection 

from the edges is not steep, hence the neglected effect. 
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 Conclusions 

The main contribution of the proposed methodology consists of the implementation of a Faster 

R-CNN-based damage detection and localization system, along with accurate data analysis 

regardless of the setup of the depth sensor, as long as it is positioned parallel to the analyzed 

surface and within an optimum distance range. The proposed methodology detects, localizes, 

and quantifies volumes of multiple surface damages spalled from concrete elements, relying 

solely on the outputs from a RGB-D sensor. 

In this study, we have tested the capabilities of the Microsoft Kinect V2 RGB-D camera as a 

tool for detecting and quantifying volumetric damages along a plane concrete surface, in 

conjunction with a Faster R-CNN-based damage detection mechanism. The data provided by 

the sensor allows easy extraction of geometric properties with considerable accuracy. When 

compared to other volume quantification tools, such as laser scanners, the Kinect V2 is much 

cheaper. Stereo photogrammetry systems can be reliable as well, but the RGB-D camera 

outputs the depth map immediately, requiring no further scaling method of any sort, allowing 

instantaneous data manipulation.  

The newly proposed methodology proves to be useful when ideal setup conditions are not met 

and a more versatile approach is needed. By coupling the Faster R-CNN damage detection 

mechanism along with the plane fitting method, which works under any distance within the 

sensor range, the system can be implemented on unmanned vehicles, allowing remote data 

acquisition in places of difficult or hazardous access. With an AP value of 90.79% for damage 

detection by the Faster R-CNN-based stage and mean precision error values below 10% for 

individual volume measurements, the presented methodology proves its capabilities, providing 

a reliable damage detection and quantification system for structural health monitoring. 
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Several improvements can be made towards the proposed methodology. Some suggestions for 

future studies include: 

a. Improving the utilized RGB-D sensor for better working distances; 

b. Enhancement of the dataset for spalling detection to ensure robustness of 

damage detection and localization; 

c. Implementing a damage detection and localization system that relies solely on 

3D data; 

d. Application of 3D scene reconstruction for damage detection and localization; 

e. Detection, localization, and quantification of other structural pathologies such 

as loosen bolts. 
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Appendix A 

Table A.1 ZF-Net architecture for RPN 
Layer Type Filter Size Stride Depth 

1 CONV+ReLU 7 × 7 2 96 
2 LRN - - - 
3 Max pooling 3 × 3 2 96 
4 CONV+ReLU 5 × 5 2 256 
5 LRN - - - 
6 Max pooling 3 × 3 2 256 
7 CONV+ReLU 3 × 3 1 384 
8 CONV+ReLU 3 × 3 1 384 
9 CONV+ReLU 3 × 3 1 256 
10 Sliding CONV+ReLU 3 × 3 1 256 
11 FC - - 256 
12 Softmax & Regressor - - - 

 
 

Table A.2 ZF-Net architecture for Fast R-CNN 
Layer Type Filter Size Stride Depth 

1 CONV+ReLU 7 × 7 2 96 
2 LRN - - - 
3 Max pooling 3 × 3 2 96 
4 CONV+ReLU 5 × 5 2 256 
5 LRN - - - 
6 Max pooling 3 × 3 2 256 
7 CONV+ReLU 3 × 3 1 384 
8 CONV+ReLU 3 × 3 1 384 
9 CONV+ReLU 3 × 3 1 256 
10 RoI pooling - - 256 
11 FC+ReLU - - 4096 
12 Dropout - - - 
13 FC+ReLU - - 4096 
14 Dropout - - - 
15 FC+ReLU - - 6 
16 Softmax & Regressor - - - 

 
 
 
 
 


