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Abstract

This thesis proposes a multi-objective, data-driven methodology for EV route

planning under dynamic real-world conditions in urban transportation networks.

The proposed methodology integrates four stages: data collection, road travel time

forecasting, charging station availability prediction, and route optimization. The

designed algorithms were validated and evaluated using City of Winnipeg trans-

portation data. In forecasting road segment travel time, six traffic volume prediction

methods were evaluated using five-fold cross-validation across 367 monitored road

segments. The K-Nearest Neighbors model combined with network centrality fea-

tures achieved the best performance, obtaining an R² of 0.534, a mean absolute error

(MAE) of 61.7 vehicles per hour, and a root mean square error (RMSE) of 97.0 vehi-

cles per hour. The results demonstrate that network topology features can improve

prediction accuracy when used with suitable models. This model was applied to
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Abstract iii

estimate traffic volumes on unmonitored road segments, which were then converted

to travel times using the Bureau of Public Roads (BPR) function. Monte Carlo

simulation was subsequently applied to these travel time estimates to forecast future

travel times.

In forecasting EV charging station availability, occupancy data from 86 Win-

nipeg charging stations were analyzed over a 12-hour prediction horizon. A sequen-

tial Long Short-Term Memory model produced the highest accuracy with an R² of

0.9504, while a parallel LSTM achieved an R² of 0.9344 with substantially lower

training time through regional clustering. The SARIMA statistical method showed

significantly lower performance. The multi-objective route optimization applies a

bio-inspired heuristic to minimize travel time and charging cost while satisfying bat-

tery and charging constraints. The heuristic outperformed the A* baseline algorithm

in finding routes under static conditions. A dynamic re-planning strategy further im-

proved performance by adapting routes to real-time conditions during travel.
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Chapter 1

Introduction

Electric vehicles (EVs) have moved from niche technology to a practical transport

option for millions of drivers. Global EV stock surpassed 30 million units in 2022,

with projections suggesting this figure could exceed 240 million by 2030 [1]. Behind

that growth is a harder problem for route-planning systems.

Most vehicle navigation systems are built on shortest-path algorithms such as

Dijkstra’s algorithm or A*, which route a vehicle by minimizing distance or travel

time over a road network [2; 3]. This is efficient for petrol vehicles because a petrol

car’s range anxiety is alleviated by filling up in five minutes at any of the thousands

of stations. An EV’s operational constraints, on the other hand, differ from those

of a petrol vehicle. The amount of usable energy currently remaining in a battery

relative to its maximum capacity (also called state of charge) degrades non-linearly

with speed, ambient temperature, and road gradient [4]. For example, on highways,

1



2 Chapter 1: Introduction

more power is required to overcome air resistance (aerodynamic drag). EVs would

need to consume more battery power to overcome this drag. Furthermore, charging

stations vary by connector type, charging rate, and availability. A 40-minute charge

becomes a 90-minute wait if the station is occupied. None of this is captured by an

algorithm whose only notion of cost is distance, such as Dijkstra’s algorithm, which

is an efficient algorithm for single-objective optimization problems.

An optimization problem can be defined mathematically as a maximization or

minimization problem with one or more objective functions subject to possible con-

straints. A single-objective optimization considers only one objective. In Dijkstra’s

shortest path algorithm, the objective function is the distance, and the algorithm

finds the ”best” minimum path among the many feasible solutions [5]. In the EV

routing problem, multiple objectives must be considered, including battery power,

charging station costs, and more. Therefore, the routing problem must be formulated

as a multi-objective optimization problem (MOP) [6].

The EV or green vehicle routing problem [7] is a subset of the general, well-known

vehicle routing problem (VRP). In the literature, the green VRP is considered in the

static domain. That is, road conditions, energy consumption, and station availability

are fixed at the time of planning. In this thesis, we consider dynamic domains

that reflect real-time unpredictable traffic, weather, battery power loss during travel

prompting drivers to detour in search of charging stations, and other variables. We

therefore formulate the problem as a dynamic multi-objective optimization problem
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(MOP).

Figure 1.1: Map from decision space to Objective Space

The MOP is challenging because multiple conflicting objectives are present si-

multaneously. Improving the solutions for one objective may degrade the solutions

for other objectives. The output of an MOP algorithm is a set of solutions, called

the Pareto Set. Figure 1.1 [8] illustrates that every solution in the Pareto set is pro-

jected onto a point in the objective space representing a trade-off. Multiple solutions

may map to the same point in the objective space, yielding a feasible, infeasible, or

optimal solution. The set of optimal or near-optimal solutions represents the Pareto

front. There is no single optimum to converge to, only a front of equally valid trade-

offs, and choosing which point on that front to act on is itself an open problem [9].

Therefore, finding Pareto-front solutions in an MOP is an NP-hard problem [10].

The search space is also larger, since the algorithm has to maintain and compare
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many routes rather than refine a single best-guess route. The problem’s dynamism

under consideration in this thesis also makes it even more challenging. Determinis-

tic algorithms do not suffice. In this thesis, we study heuristics (or approximation

algorithms), such as evolutionary algorithms, for solving the MOP.

Figure 1.2: Framework
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1.1 Gaps in the Literature

There are two gaps in the EV literature that we address in this thesis. First, most

existing formulations assume static traffic conditions and fixed charging station avail-

ability. These assumptions are rarely valid in practice. Traffic shifts throughout the

day, and station occupancy varies continuously. Second, few studies integrate data-

driven prediction with multi-objective optimization. Most rely on fixed parameters.

This thesis addresses both gaps by developing a framework that combines traffic and

occupancy forecasting with Pareto-based evolutionary optimization, producing route

recommendations that adapt to changing conditions rather than assuming constant

conditions.

Figure 1.2 provides our proposed framework, which will be discussed in detail in

future chapters. The thesis follows a data-driven approach. Using real-time data, the

proposed algorithm forecasts traffic congestion and EV charging station availability

with machine learning techniques to solve the MOP routing problem. The algorithm

proposes re-optimizing the routing algorithm on the fly.

1.2 Goal of the Thesis

To study dynamic route planning for electric vehicles with multiple objectives

and constraints.
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1.3 Contributions

1. Proposed a mathematical formulation of the multi-objective problem with con-

straints that include battery SoC dynamics, charging-station behavior, and

traffic variability.

2. Proposed predictive models to forecast travel time and charging station avail-

ability using real-world road network and infrastructure datasets.

3. A parallel-designed technique is proposed to forecast charging station availabil-

ity.

4. Using the proposed mathematical multi-objective formulation, an approximation-

based multi-objective optimization algorithm was designed for route planning

under dynamic conditions.

5. Simulated the proposed algorithm on real-world datasets.

6. Compared and evaluated the proposed algorithm against baseline routing ap-

proaches using standard multi-objective performance indicators and domain-

specific metrics.

1.4 Scope and Limitations

This work focuses on single-vehicle EV routing. Fleet routing and vehicle-to-

grid (V2G) interactions are outside the scope; simulations are limited to natural
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extensions of the methodology. The methodology is evaluated in simulations without

physical vehicles. Road network data are sourced from OpenStreetMap [11], and

charging infrastructure data are obtained from publicly available APIs. Simulation

introduces a known validity gap. Real-world battery degradation, driver behavior,

and hardware-level charging variability are difficult to reproduce fully in software.

Energy consumption modeling draws on established physics-based and data-

driven approaches [4; 12]. The model is calibrated on existing datasets and does not

account for individual vehicle wear or tire pressure variation. Two further limita-

tions apply. The research does not address privacy concerns arising from continuous

location tracking, and it does not consider accessibility requirements for drivers with

disabilities.

1.5 Thesis Structure

The remainder of this thesis is organized as follows. Chapter 2 reviews related

work on EV route optimization. It summarizes existing results and the optimiza-

tion algorithms used. Chapter 3 describes the proposed methodology for finding the

best routes for EVs by minimizing travel time and charging fees, while accounting

for congestion time and charging station availability. Chapter 4 describes the pro-

posed optimization methodology and problem formulation. Chapter 5 presents the

implementation of the proposed methodology using real data and techniques used to

improve model performance. Chapter 6 presents the implementation results. Finally,
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Chapter 7 discusses these results and concludes the thesis.



Chapter 2

Literature Review

The foundation of electric vehicle (EV) routing is commonly traced to the Green

Vehicle Routing Problem (G-VRP) introduced by Erdoğan and Miller-Hooks [7].

Their formulation does not require vehicles to recharge en route. Charging stops

are inserted only when the battery range would otherwise be exceeded. The model

assumes each customer can be served from the depot with at most one station visit,

at which point the vehicle charges to full.

Later studies introduced more operationally realistic constraints. The authors

in [13] and [14] extended the routing problem to accommodate multiple charging

technologies and partial recharging strategies. Early models typically assumed energy

consumption scaled linearly with distance, a simplification that [15] later challenged.

Their work built on earlier models with non-linear charging and showed that battery

drain is highly sensitive to vehicle load. In reality, speed and terrain both affect

9
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power consumption, but their routing model held those constant to isolate the load

effect cleanly.

Early EVRP research was mostly about commercial delivery with homogeneous

fleets, central depots, and fixed schedules. The authors in [16] extended this to

multi-depot setups with time windows. Still, the core assumptions stayed the same,

including uniform charging speeds, strict delivery windows, and distance as the vari-

able to minimize. This is efficient for logistical applications such as supply and

demand. However, for personal EV routing, where vehicles charge at different rates,

electricity prices shift throughout the day, and drivers have their own preferences

about acceptable detours.

A persistent issue in EV routing is the trade-off between travel time and charging

cost. Fast charging reduces journey time but is more expensive. Slower charging

is cheaper but extends total duration. In [17], the authors examined this trade-off

in hybrid charging systems and found that reducing charging time can substantially

increase overall cost. This result complicates any single-objective formulation.

In [17], the authors approached the problem with a weighted objective function

that trades off time against cost based on user preferences. To handle real-world

uncertainty, such as shifting traffic and fluctuating electricity prices, they added

Model Predictive Control, which updates routing decisions on the fly rather than

locking in a fixed plan. In [18], the authors proposed a multi-objective MINLP model

for personal EV routing that trades off trip time against charging costs. The model
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considers the fact that neither variable is fixed. Local electricity rates determine

the actual cost of a given route, and charger type matters because L1, L2, and L3

stations recharge batteries at very different rates. Using the ϵ-constraint method

alongside metaheuristic techniques, the model generates a Pareto front rather than

a single answer, allowing drivers to choose whichever solution fits their tolerance for

spending more time or money.

Traffic congestion and station availability add further uncertainty. In [19], the

authors introduced a routing system that predicts wait times at charging stations by

having vehicles share their planned arrival times, rather than relying on historical

occupancy data. Battery constraints are treated as non-negotiable, and any route

that would drain the charge to zero is ruled out entirely.

Two charging approaches appear in the literature. Wired stations, where vehicles

stop and plug in, and wireless charging roads, which transfer energy while the vehicle

is moving. Wireless charging cuts travel time but costs more to build and run. This

thesis uses only wired stations, which reflects what is currently available in practice.

The EV routing problem is NP-hard, which limits the applicability of exact meth-

ods to small problem instances. The authors in [17] formulated their problem as a

Mixed Integer Linear Program (MILP) and applied linearization techniques to man-

age non-linear constraints. In [20], the authors studied a variant of the traveling

salesperson problem where EVs recharge while driving on electrified roads. Exact

methods are inefficient on larger networks, often failing to find any feasible solution
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within reasonable time. Their fix was a network-reduction heuristic that compresses

the road network into a smaller multigraph and checks only a subset of paths between

customers, thereby significantly reducing computation without straying far from the

optimal solution.

In this thesis, we study evolutionary heuristics. Evolutionary algorithms are

particularly well-suited to multi-objective EV routing because they maintain a pop-

ulation of candidate solutions and can approximate the full Pareto front in a single

run.

In [21], the authors showed that co-evolutionary techniques, in which multiple

sub-populations evolve simultaneously and interact, yield greater solution diversity

and faster convergence than standard evolutionary approaches for problems with

conflicting objectives and complex search spaces.

There are two gaps that we address in this thesis. First, most existing formula-

tions assume static traffic conditions and fixed charging station availability. These

assumptions are rarely valid in practice. Traffic shifts throughout the day, and

station occupancy varies continuously. Second, few studies integrate data-driven

prediction with multi-objective optimization. Most rely on fixed parameters. This

thesis addresses both gaps by developing a methodology that combines traffic and

occupancy forecasting with Pareto-based evolutionary optimization to produce route

recommendations that adapt to changing conditions.



Chapter 3

Real-Time MOP EV Routing:

Proposed Methodology

EV routing with multiple objectives is challenging. In this work, we consider two

objectives: travel time and charging costs. Neither objective can be minimized in

isolation. The shortest route may carry the highest charging cost, and the cheapest

charging path may add considerable time. We propose a data-driven approach that

uses real-time data to find a route that optimizes the objectives, producing a set of

Pareto-optimal routes for the driver to choose from.

There are four stages to our methodology: data collection, road congestion fore-

casting, charging station availability prediction, and bi-objective route optimization.

Figure 4.1 illustrates how these stages connect.

The methodology begins with data collection from public and private sources.

13
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Figure 3.1: Methodology

That data feeds two forecasting stages: one forecasts travel times across the road

network, and the other forecasts EV charging station availability across a city. The

prediction techniques used for forecasting will be explained in later sections. Note

that in the experiments, we use data obtained from the City of Winnipeg, but our

methodology applies to data from any city.

The next stage of optimization, the bi-objective optimization algorithm, uses the

forecast travel times and charging station availability predicted in the previous stages

to find the initial optimal route. The vehicle travels this route, passing several re-
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evaluation points (as defined in Table 4.1 and elaborated in later sections). At each

one of these points, the algorithm re-evaluates the optimal route against the latest

forecasting data. The vehicle switches to a new route only if the re-evaluation finds

a better route. Otherwise, the vehicle travels on the existing route.

3.1 STAGE 1: Data Collection

The first stage is data collection. Four types of data were collected for this

research. These are:

1. Road network data for the selected geographical area

2. Historical traffic data

3. EV charging stations data

4. EV charging stations availability data

3.1.1 Road Network Data

This research uses datasets from public and private sources. Road network data

was downloaded from OpenStreetMap (OSM) [11], an open-access map database that

covers road geometry, lane configurations, speed limits, and network connectivity for

the selected geographical area.

After collecting data from the road network, the road system is modeled as a

directed graph as shown in Figure 3.2, where road segments are edges and road
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connections (intersections) are nodes. The edge direction is derived from the travel

direction in each segment, allowing the graph to represent both one-way and two-

way traffic flows. Each edge carries four attributes describing the corresponding road

segment. These are the maximum speed, number of lanes, road type, and segment

length.

Figure 3.2: Sample road network as a directed graph

3.1.2 Historical Traffic Data

Historical traffic data was collected from public and private data sources. The

traffic data contains travel times for all road segments within the selected time frame

and geographic area.
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3.1.3 EV Charging Stations Data

EV charging infrastructure data were extracted from OpenChargeMap [22] an

open global EV charging database. In this thesis, EV charging station fees were

extracted from the ChargePoint [23] website, which is a large electric vehicle (EV)

charging network and hardware company that provides EV charging station locations

online.

Charging stations are incorporated into the road network as virtual nodes using

perpendicular projection onto the nearest road segment as shown in Figure 3.3. For

each station, the projection point P is computed as the orthogonal foot from the

station onto the segment defined by nodes A and B. Two virtual edges are then

added connecting P to A and P to B, with distances derived from the projection

geometry.

Figure 3.3: Calculate virtual path for charging stations
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In Figure 3.3, V1 and V2 are virtual paths to the charging station. y + z is the

distance from node B to the charging station, and x+ z is the distance from node A

to the charging station.

3.1.4 EV Charging Stations Availability Data

Real-time availability data for EV charging stations were extracted using HERE

Technologies [24], an online platform that provides live maps for drivers, and Charge-

Point [23]. For this thesis, six fields were extracted from the collected data:

1. Location ID

2. Timestamp

3. Number of available connectors

4. Number of installed connectors

5. Number of connectors planned for future installation

6. Number of offline connectors
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3.2 STAGE 2: Forecasting

3.2.1 Road Segment Travel Time Forecasting

In this thesis, the Monte Carlo simulation technique[25] is used to forecast future

travel times for each road segment. The travel time variability is modeled using a

Poisson distribution (Equation 3.1):

ni ∼ Poisson(λi), λi = µnow,i, i = 1, . . . , N, (3.1)

where ni is the simulated travel time of segment i, N is the number of segments, and

λi is the Poisson rate parameter, set equal to the current mean travel time µnow,i.

The rate is estimated by maximum likelihood as

λ̂i =
1

Mi

Mi∑
j=1

xi,j, (3.2)

where xi,jdenotes the j-th historical travel time observation recorded for segment

i, and Mi is the number of such observations available for that segment within the

corresponding time-of-day interval. Algorithm 1 presents the steps of the Monte

Carlo simulation, where K denotes the number of replications.
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Algorithm 1 Monte Carlo forecasting of travel times for each road segment

1: for i = 1 to N do

2: λ̂i ←
1

Mi

∑Mi

j=1 xi,j

3: end for

4: for k = 1 to K do

5: for i = 1 to N do

6: draw n
(k)
i ∼ Poisson(λ̂i)

7: end for

8: T (k) ←
∑

i∈P n
(k)
i

9: end for

There are two reasons for using the Monte Carlo technique. First, the technique

produces a distribution of possible travel times instead of a single predicted value.

This is important because charging station availability depends on how much travel

time actually varies, not just its average. Second, every output can be traced back to

a sampling step and a distributional assumption, which makes it easier to analyze.

For each segment, the mean travel time is extracted and used as the representative

travel time in the optimization stage.

3.2.2 Forecasting EV Charging Station Availability

A charging station that appears on the map may be occupied, offline, or at

capacity by the time a vehicle arrives, turning a valid route into a stranded one.
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Predicting station availability in advance is therefore important.

The objective is to forecast the exact number of available EV charging connec-

tors at each station. This enables route optimization, avoiding sending vehicles to

occupied chargers.

I. Preprocessing Data: First, the data is pre-processed. The steps are as follows.

1. Filtering: In this step, records with zero total connectors are removed. These

represent decommissioned or placeholder stations that carry no availability

data.

2. Removing always-zero stations: Stations where the available connector

count is zero at every timestamp are dropped, since a constant series provides

no signal for a predictive model.

3. Pivoting: The long-format records are pivoted into a wide matrix with times-

tamps as rows and station identifiers as columns. Each raw record contains six

fields: location ID, timestamp, and the number of available, installed, planned,

and offline connectors. Since the goal is to predict charging station availability,

the available connector count is selected as the primary field during pivot-

ing. Table 3.1 shows an excerpt of the raw long-format data, and Table 3.2

shows the corresponding wide-format matrix, where each timestamp’s available

connector counts across all stations are combined into a single row. This re-

structuring is necessary because sequence models operate on one feature vector



22 3.2 STAGE 2: Forecasting

per timestamp, capturing the state of all stations simultaneously.

Table 3.1: Example of charging station availability raw data in long format

Station ID Timestamp Available Installed Planned Offline

S 001 2025-05-01 00:00 3 5 0 1

S 002 2025-05-01 00:00 0 2 0 0

S 001 2025-05-01 00:15 2 5 0 2

S 002 2025-05-01 00:15 1 2 0 0

Table 3.2: Example of data after pivoting into wide format

Timestamp S 001 S 002

2025-05-01 00:00 3 0

2025-05-01 00:15 2 1

4. Feature engineering: Three temporal features are extracted from each times-

tamp: hour of day (0-23), day of week (0 = Monday, 6 = Sunday), and month.

The resulting feature matrix has dimensionality T × (S + 3), where T is the

number of timestamps and S is the number of charging stations.

5. Scaling: All features are normalized to [0, 1] using a Min-Max scalar fitted

on the training partition only. Fitting the scalar on the full dataset before
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splitting would allow test-set statistics to influence training, which constitutes

data leakage.

6. Sliding-window sequences. Input-output pairs are constructed using a slid-

ing window. Each input is a sequence of L = 96 consecutive time steps (24

hours at 15-minute resolution), and the corresponding target is the availability

values for the following H = 48 time steps (12 hours). Both model variants

use the same input length and forecast horizon.

The dataset is then split chronologically into three non-overlapping partitions

(training set, validation set, and test set).

• Training set (70%): Used for gradient updates during model training.

• Validation set (15%): Used for early stopping. Training halts when valida-

tion loss does not improve for a specified number of consecutive epochs.

• Test set (15%): Held out entirely and used only for final evaluation. The

model sees no test data during training or hyperparameter selection.

In time-series forecasting with sliding-window sequences, a naive chronological

split can introduce data leakage. The targets used to train the model may overlap

with the input sequences drawn from the validation or test period. To prevent this,

a temporal gap equal to the forecast horizon H is inserted between each pair of

partitions, ensuring that no training target coincides with a validation or test input.
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gap = L+H − 1 = 96 + 48− 1 = 143 sequences (3.3)

No row used as a training target appears in any validation input, training target,

or test partition, and the same separation is enforced between the validation and test

partitions. The Min-Max scalar is fitted on the training rows only, so the scaling

parameters are determined without access to any future observations.

The SARIMA(Appendix C.1) and LSTM (Appendix C.2) machine learning mod-

els are used for training.

II. Machine Learning Models for Forecasting A separate SARIMA model is

fitted for each station, since SARIMA does not support multivariate inputs. The

forecast horizon is set to 12 hours. Parameter search bounds are selected to limit

the search space while covering the orders most commonly identified from occupancy

data.

The LSTM model is trained on all stations simultaneously. Shared hidden states

allow the model to learn correlations between stations, but the same shared repre-

sentation must also produce a high-dimensional output mapping across all stations

and 48 forecast steps.

Training Procedure The LSTM models are trained with the Adam optimizer

[26] at a learning rate of 0.001, using Mean Squared Error as the loss function:
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LMSE =
1

N ·H · S

N∑
n=1

H∑
h=1

S∑
s=1

(yn,h,s − ŷn,h,s)
2 (3.4)

where N is the batch size, yn,h,s is the true available connector count, and ŷn,h,s

is the predicted count for station s at future time step h.

Early stopping is applied with a patience of 5 epochs, monitored on validation

loss. Training halts when validation loss fails to improve by at least δ = 10−5 for

five consecutive epochs. The test set is held out entirely and plays no role during

training or model selection.

After prediction, raw model outputs are inverse-scaled using the Min-Max scaler

fitted on the training partition, rounded to the nearest integer, and clipped to [0, Cs],

where Cs is the total number of installed connectors at station s. This ensures pre-

dictions are integer-valued and fall within the physically valid range for each station.

Model performance is evaluated on the held-out test set using five metrics(Appendix

C.3). All metrics are computed on predictions of the number of available connectors

after inverse scaling, rounding, and clipping.

3.3 STAGE 4 & STAGE 5: Finding Initial Opti-

mal Route & Re-evaluate Optimal Routes

After forecasting the charging station availability and traffic in the road network,

we pass this data to the optimization stage to find the initial route. The optimization
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Routes

heuristic used in finding the optimal route is described in Chapter 4. This is followed

by the description of the reevaluation step in Chapter 4, Section 4.2.



Chapter 4

Finding Initial Optimal Route-

Bi-objective Optimization

Algorithm

This chapter discusses the bi-objective optimization algorithm for finding optimal

routes in Figure 4.1.

In this thesis, we consider two objectives for route planning. These objectives

conflict with each other. Minimizing travel time favors faster roads and higher-power

chargers, while minimizing charging cost favors slower, cheaper alternatives. No

single route dominates on both simultaneously. A single-objective algorithm returns

one route, optimized for either time or cost but not both, and gives the driver no

basis for trading one against the other.

27
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Figure 4.1: Methodology

The bi-objective optimization problem is represented as a minimization problem

as follows. Let a candidate EV route be denoted r. The optimization problem is

then:
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min
x

(Ttotal(r), Ccharge(r)) (4.1)

s.t. Traffic and routing constraints (4.2)

Battery energy constraints (4.3)

Charging station constraints (4.4)

where Ttotal(r) is the total travel time of route r estimated from the Monte Carlo

technique [25], and Ccharge(r) is the total charging fee incurred along the route.

The two objective functions are the total travel time and the total charging fee.

Objective Functions:

• The total travel time comprises time spent on road segments and time spent

charging. The total travel time is defined as [17]:

Ttotal =
∑

(i,j)∈A

trij +
∑
i∈N

tzi (4.5)

where A is the set of directed road segments and N is the set of nodes. Road

travel time trij consists of free-flow time and congestion delay:

trij = t0ij + twij, t0ij =
lij
vij

(4.6)
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where lij is the length of segment (i, j), vij is the average travel speed, and twij

is the congestion time. Charging time at station i is:

tzi =
ciC

Li

(4.7)

where ci is the fraction of the battery charged at station i, C is the total battery

capacity, and Li is the charging power of the station.

• The total charging cost is the sum of fees charged at each station visited along

the route [17]. This is defined as:

Ccharge =
∑
i∈N

λi Pi ηi ui (4.8)

where λi is the charging duration at station i, Pi is the charging power, ηi is

the charging efficiency, and ui is the electricity price per unit energy. Price and

power vary across stations and connector types, so the formulation captures

the cost difference between fast charging and slower alternatives rather than

treating all stations as equivalent.

Constraints:

• Traffic and Routing Constraints:

A binary decision variable xij indicates whether segment (i, j) is included in

the route:
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xij =


1 if road segment (i, j) is selected

0 otherwise

∀(i, j) ∈ A (4.9)

Flow conservation is imposed at each node to ensure continuity of the selected

route from the origin to the destination[17]:

∑
j|(i,j)∈A

xij −
∑

j|(j,i)∈A

xji =



1 if i is the origin

−1 if i is the destination

0 otherwise

∀i ∈ N (4.10)

At the origin, one unit of flow leaves the node, while at the destination, one

unit of flow enters the node. At every intermediate node, incoming flow equals

outgoing flow, maintaining continuity along the selected route. Thus, this

constraint ensures that the selected segments provide a feasible flow from the

origin to the destination.

• Battery Energy Constraints:

The battery state of charge (SoC) at node j is updated from the SoC at node

i by subtracting energy consumed on the connecting segment and adding any

energy gained through charging at node i[17]:

cj = ci − xij lijK + λiziPiηi ∀(i, j) ∈ A (4.11)
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where K is the energy consumption rate per unit distance, lij is the segment

length, λi is the charging duration at node i, zi is a binary variable indicating

whether charging occurs at node i, and the product λiziPiηi is the net energy

added. The SoC is constrained within defined bounds at every node:

cmin ≤ ci ≤ cmax (4.12)

The lower bound cmin prevents the battery from reaching full depletion, which

would leave the vehicle immobilized. The upper bound cmax prevents over-

charging.

• Charging Station Constraints:

The number of vehicles charging simultaneously at station i cannot exceed its

port capacity:

V∑
v=1

xi,v(t) ≤ si ∀i, t (4.13)

where xi,v(t) is a binary variable indicating whether vehicle v is charging at

station i at time t, and si is the number of available charging ports at station i.

The constraint prevents more vehicles from charging simultaneously than the

station has ports to accommodate.

The bi-objective optimization problem for finding routes is solved using a heuris-

tic. Although any heuristic can be used, we use Non-dominated Sorting Genetic
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Algorithm II (NSGA-II) (Appendix D.2) [27], as it has proven efficient for solving

multi-objective routing problems [21].

4.1 NSGA II Heuristic

NSGA-II is the most widely used algorithm for multi-objective optimization and

is well suited to this application for two main reasons. First, it does not require the

objectives to be combined into a single weighted score. Instead, it produces a set

of Pareto-optimal solutions representing different trade-offs between conflicting ob-

jectives. Second, its fast non-dominated sorting and crowding distance mechanisms

maintain a diverse spread of solutions across the Pareto front.

NSGA-II is a genetic algorithm. It maintains a population of candidate routes.

It improves this population over successive generations by following the principles

of natural selection. Routes with higher fitness are more likely to reproduce. Their

features are recombined and then mutated to produce new routes. The fittest routes

survive into the next generation. The rest of this section steps through each mech-

anism in sequence. Selection comes first, crossover follows, and mutation ends the

sequence, each one specified for the routing problem addressed here.

4.1.1 The Chromosome

In a genetic algorithm (Appendix D.1), a chromosome is the data structure that

encodes a single candidate solution. The first design decision concerns how to rep-
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resent a candidate route as a chromosome, a data structure the algorithm can copy,

cut, and recombine. In this research, we use a chromosome as the ordered list of

road-network nodes the vehicle visits, from the start node to the destination.

Formally, a chromosome is defined as a sequence:

π = (v0, v1, v2, . . . , vk), v0 = start, vk = destination (4.14)

where each vi is the identifier of a road node, and every consecutive pair (vi, vi+1) is

a real road segment that exists in the network. This representation has two features.

• Variable length. Different routes visit different numbers of nodes. Therefore,

a chromosome is not a fixed-length vector of numbers.

• Charging stops are not stored in the chromosome. The chromosome

records only the road nodes driven through. Whether, where, and for how long

the vehicle charges is decided later, when the route is evaluated (Step3). As a

result, the search stays focused on the geography of the route, while the same

route remains free to adjust its charging behavior whenever conditions such as

time of day, prices, or station queues shift.

Figure 4.2 illustrates a single route over a small road network. Figure 4.3 shows

the same route as a chromosome, with one gene per visited node, listed in the order

the vehicle travels them. The charging station appears as a virtual node attached to

both ends of its nearest road segment.
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Figure 4.2: A candidate route on the road network

Figure 4.3: A route as a chromosome

In Figure 4.3, the numbers within the chromosome are the identifiers of road

junctions. The road network is represented as a graph, in which each junction is a

node with a unique identifying number, and each road connecting two junctions is an

edge between the corresponding nodes. Since a chromosome is defined as the ordered

list of junctions a route passes through, each gene stores the identifier of a single

junction, and the road segment traveled between two consecutive genes corresponds

to the edge joining that pair of nodes. These identifiers are used because they provide

each location in the city with a single, unambiguous label that the algorithm can

copy and recombine.
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4.1.2 NSGA-II Step-by-Step Execution

The optimizer repeats a fixed cycle. It creates a population, scores it, selects

parents, breeds offspring, then keeps the best individuals. Figure 4.4 shows the full

loop. The subsections that follow address each stage as it applies to the routing

problem, while the generic version of each step is described in Appendix D.1.

Figure 4.4: The NSGA-II generational loop as implemented for the EV routing

problem.
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1. Create N chromosomes (Figure 4.4)

The algorithm begins by generating an initial population ofN candidate routes.

Each candidate route is encoded as a chromosome, which is an ordered list of

the road nodes the route traverses, from the start to the destination. If the

initial population is too similar to one another, the algorithm cannot explore

a sufficiently diverse range of possibilities. Therefore, to create the initial

population, two types of methods are used.

The first is to create 40% of paths randomly from the start to the destination

without considering travel time or charging stations. This method verifies that

the path is connected between the start and the destination and that there is no

loop in the path. The second method generates routes heuristically, producing

60% of candidate routes that account for EV station prices, distance to the

destination, and travel time. This heuristic generation procedure is described

in the section below.

Heuristic Route generation

Route generation follows a heuristic path-building procedure, illustrated in

Figure 4.5. The figure illustrates how one candidate route is built from scratch.

The overall procedure is described below.
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Figure 4.5: Heuristic route generation

(a) Step 1- Initialize: The vehicle’s position is set to the origin, the battery
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charge is set to its initial value c0, the time is set to t, and the traversed

path is set to the empty set.

(b) Step 2- Termination Check: If the destination has been reached, the tra-

versed path is returned as the completed route. Go to Step 1. Else, the

algorithm assesses the vehicle’s current battery level, which subsequently

determines the operating mode for the current iteration. Go to Step 3.

(c) Step 3 - Battery-Level Decision: If the battery level exceeds the charging

trigger threshold (ccharging trigger), proceed to Step 4. Otherwise, identify

candidate charging stations within the surrounding area of the vehicle’s

current position. The charging trigger threshold is a configuration param-

eter that determines when the search for a charging station is initiated.

It must be greater than the minimum battery level cmin.

Each candidate station is evaluated according to a scoring function de-

fined as the ratio of its reported availability to its price, as shown in

Equation 4.15:

score =
availability

price
(4.15)

This formulation prioritizes stations that offer a higher likelihood of con-

nector availability and a lower charging cost. If a suitable station is iden-

tified, the vehicle is routed to that station and charged to the maximum

battery capacity, cmax, and goes to Step 4. If a suitable station cannot be
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found within the search radius and the current battery capacity is greater

than the minimum battery capacity cmin, the procedure reverts to the

normal navigation routine (Step 4). This allows the vehicle to continue

toward the destination despite the absence of an available charging option.

If a suitable station cannot be found and the current battery capacity is

less than the minimum battery capacity, the process proceeds to Step 2

and the current path is terminated.

(d) Step 4 - Calculate factors for the next available road segments:

Determine the subsequent road segment to traverse through a multi-factor

scoring procedure applied to the set of outgoing edges from the current

node. This procedure considers three factors: traffic conditions, battery

consumption, and distance towards the destination. After computing

these factors, go to Step 5.

• Factor 1: Traffic

For each candidate edge, the current travel time is calculated and nor-

malized to produce a time-based weighting term, shown as Equation

4.16:

Time weight =
Travel time

60
(4.16)

As a result, edges with longer travel times receive a higher penalty,

consistent with current traffic conditions.

• Factor 2: Battery Impact
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The energy required to traverse a given edge is calculated as the

product of the edge’s distance and the vehicle’s consumption rate.

Based on this, the projected state of charge (SoC) is determined, and

a corresponding penalty is applied according to the following rule,

shown as Equation 4.17:

Battery penalty =



1000 if the resulting SoC is critical

100 if the resulting SoC is low

0 otherwise

(4.17)

As a result, edges leading to a critically low state of charge are

avoided, maintaining that routing decisions remain battery-feasible.

• Factor 3: Distance-to-Destination

The remaining distance to the destination is combined with the can-

didate edge’s length to generate a destination-oriented heuristic term,

computed as follows, shown as Equation 4.18:

Distance heuristic =
Edge length

Distance to goal
(4.18)

As a result, edges that reduce the remaining distance to the destina-

tion are prioritized.

(e) Step 5- Aggregate the values of the three factors The three factors described

above are aggregated into a single overall weight for each candidate edge.
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This formulation 4.19 enables the algorithm to account for traffic condi-

tions, battery feasibility, and goal-directed progress within a unified score.

shown as Equation 4.19:

Edge weight = Time weight + Battery penalty + Distance heuristic

(4.19)

(f) Step 6 - Candidate Selection: In this step, the next road segment is se-

lected as follows. Following the computation of overall edge weights, all

candidate edges are ranked in ascending order of weight, and the top 50%

of ranked candidates are retained for further consideration. Rather than

strictly selecting the single lowest-weighted edge, the algorithm performs

a weighted random selection among the top candidates, such that edges

with stronger scores are assigned a proportionally higher probability of

selection.

(g) Step 7- State Update: Upon selection of an edge, the vehicle’s state is

updated accordingly. The battery level is decremented in proportion to

the estimated energy consumption, the total time is incremented, and

the vehicle’s position is advanced to the corresponding next node. The

methodology is then returned to the main loop, where the destination and

battery-level conditions are re-evaluated for the subsequent iteration.

2. Select parents, crossover, and mutation (Figure 4.4)
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This step generates N new candidate routes from the routes the algorithm

already maintains. In the terminology of genetic algorithms, the existing routes

used to produce new ones are called parents, and each new route produced

from them is called an offspring (or child). At the start of every generation,

the current population of N routes serves as the set of parents, and this block

produces N offspring from them. Generating new routes is essential because

they are the only way the search reaches parts of the map the current population

does not cover. Without them, the population would stay frozen from one

generation to the next.

This step operates in three stages. The first stage is selection, which decides

which parents get to reproduce. Two routes are picked from the population at

random. If one of them dominates the other, that route is chosen. Dominating

means being at least as good on both objectives, time and fee, and strictly

better on at least one, as formalized in step 5 (Figure 4.4). If neither route

dominates the other, a random route is selected.
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Figure 4.6: Illustration of the crossover operator. The two parents share a common

node d. The offspring inherits the first parent’s path up to d (blue) and the second

parent’s path from d onward (red), producing a single connected route.

The second stage is crossover, which combines two selected parents. If both

parents pass through a common node, the offspring is formed by following the

first parent’s path up to that node, then the second parent’s path from that

node onward, producing a single connected route that inherits part of each

parent (Figure 4.6). The third stage is mutation, a small random modification

applied to an offspring with a given probability, in which a randomly chosen

intermediate segment of the route is replaced by the shortest path across that

segment. This allows the search to discover road segments that neither par-

ent used. After these three stages, only valid, start-to-destination routes are

selected.

3. Evaluate each route: time and fee (Figure 4.4)

Once new routes have been generated, the algorithm evaluates how good each

one is. Every route is assigned two scores: the total trip time in minutes,
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including both driving and charging, and the total charging cost in dollars.

To compute these scores, the algorithm traverses each route node by node,

accumulating distance, time, cost, and remaining battery level. Driving times

are not fixed values. They are taken from the travel-time forecasting model

in which each road segment has a travel time that varies with time of day.

This stage also determines charging behavior. Whenever the battery level falls

below a specified threshold, the algorithm inserts a stop at the nearest suitable

charging station, recharges the battery, and adds the resulting time and cost

to the two scores. Therefore, charging decisions never need to be encoded

in the chromosome. Note that a route that proves infeasible is not discarded

immediately, and it is assigned a large penalty cost. This gives the route a

brief chance to survive, in case part of it is reusable. In contrast, the penalty

guarantees it is eventually eliminated.

4. Combine N parents and N offspring(Figure 4.4)

Having scored the N offspring, the algorithm places them together with the

N parents into a single combined pool of up to 2N routes. The algorithm

requires parents and offspring to compete on equal terms. The advantage of this

approach is that a genuinely strong parent is never discarded simply because it

belongs to an earlier generation. It remains eligible for selection and survives

unless a better route actually outperforms it. After combining both lists into a

single list, it then removes any exact duplicates so that identical routes cannot
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occupy multiple positions and reduce the diversity of the population.

5. Non-dominated sort, keep best N routes (Figure 4.4)

The combined route list holds up to 2N routes, but the population size is

fixed at N . Therefore, this stage determines which N routes survive to become

the parents of the next generation. Since no single route can be considered

best when two objectives conflict, this comparison relies on the criterion of

dominance. A route r1 is said to dominate a route r2 if r1 is at least as good as

r2 on both objectives and strictly better on at least one, that is, if r1 represents

a clear improvement over r2, If instead one route takes less time while the

other is less costly, neither dominates the other, and the two are said to be

incomparable.

Using this comparison, the stage performs a non-dominated sort, which par-

titions the pool into layers called fronts. The first front contains every route

that is not dominated by any other route. These represent the current best

trade-offs. Removing this front uncovers a second front, containing routes dom-

inated only by members of the first, then a third front, and so on, with each

subsequent layer one tier lower in quality. The next generation is filled one

front at a time, beginning with the best, until N routes have been selected.

If the pool reaches a front that would push the total beyond N , only part of

that front can be retained. In this case, the routes within that front are ranked

by crowding distance, a measure of how isolated a route is from its neighbors
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in objective space, computed from the distance to its nearest neighbors along

each objective. Routes in less crowded regions represent more unique trade-offs

and are given priority, so the remaining positions are filled with the routes of

largest crowding distance.

6. Number of generations reached (Figure 4.4)

After filtering the best N routes, the algorithm checks how many generations

have been completed. If fewer than the given generation count have been

completed, it returns to stage 2, and the entire cycle repeats, filtering the best

N routes that have just survived as the new parents. If the given number of

generations has been completed, it proceeds to the next stage.

7. Return the Pareto set of routes in front 1 (Figure 4.4)

This step delivers the first front routes as the output results. Because travel

time and charging cost conflict with each other, there is no single best route

to return. To produce this result, the population is ranked, and the first front

is selected, the set of routes that no other route dominates. Each route in this

set represents a different balance between travel time and cost. This collection

of best trade-offs is known as the Pareto set.



48 4.2 STAGE: 5 - Re-evaluate Optimal Route

4.2 STAGE: 5 - Re-evaluate Optimal Route

The initial route solves the routing problem once at departure time t0 and returns

a Pareto front. The re-evaluation in Figure 4.1 step is described as follows.

In the real world, drivers can select their preferred path from the set of optimal

paths. In this thesis, we use the knee point section (Appendix D.3) to select the

next route from the Pareto front, then advance along that plan one edge at a time.

After each edge, five triggers are evaluated. If any fires, NSGA-II is re-run with the

current position as the new origin and the current SoC as the new initial charge, and

the resulting plan replaces the current one. The five triggers are listed in Table 4.1.

Two are time-based, two are state-based, and one is event-based.
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Trigger Type Condition

Scheduled time At least the minimum re-plan interval has

elapsed since the last scheduled replan, the ve-

hicle has traveled at least the minimum re-plan

distance, it is not on the same road as before,

and the remaining distance to the destination

meets the minimum threshold.

Intersection event The vehicle has entered an edge on a different

road from the previous edge, and the remaining

distance to the destination meets the minimum

threshold.

SoC Threshold state If the current battery level (c) drops below

ccharging trigger and no station is available, the op-

timizer re-plans in an attempt to locate a station

within the revised search area.

Post-charging state If the current battery level (c) drops below

ccharging trigger, a station is found and used, and

the vehicle departs with c = cmax. The plan is

rebuilt from the new position.

Incident event An active road-closure incident blocks the next

edge in the current plan at the current time slot.

Table 4.1: Re-plan triggers
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4.2.1 Incident Model

Three types of incidents are modeled when re-evaluating routes in this thesis.

Road closures on a specific edge, congestion multipliers on a specific edge, and station

failures by station identifier. Each incident has a start slot and an end slot and is

active only within that window.

Re-plans triggered by incidents use a temporary edge-inflation approach. The

affected edges have their length attribute set to 109 for the duration of optimization,

making them effectively unreachable, then restored to their original values afterward.

4.2.2 Re-plan Cost

A full re-plan runs NSGA-II with a population of N and G generations. An in-

tersection re-plan uses a population of n and g generations. The two configurations

reflect different cost-quality trade-offs. Full re-plans are triggered by high-impact

events such as low SoC, road incidents, and scheduled intervals, where a more thor-

ough search is justified. Intersection re-plans occur frequently on long journeys and

must be computationally inexpensive.

4.3 Summary of the Methodology

In summary, Chapters 3 and 4 presented the methodology developed for dynamic

EV route planning under real-world traffic and charging conditions.
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The proposed framework integrates data collection and preprocessing, road seg-

ment travel time forecasting, charging station availability prediction, and multi-

objective route optimization within a unified workflow. Appropriate machine learn-

ing and optimization techniques are selected and evaluated at each stage to improve

prediction accuracy and routing performance. The methodology provides a system-

atic approach for generating efficient and reliable EV routes. The next chapters

present the experimental setup and results obtained using the Winnipeg road net-

work.



Chapter 5

Implementation

The system architecture for EV route planning, based on the overview provided,

is shown in Figure 5.1. The green-colored boxes are system components (or software

programs) designed in our methodology, and the teal-colored boxes correspond to

information obtained from external actors such as the vehicle.

A forecasting service is executed continuously in real time and independently of

the vehicle, obtaining public and private data to predict road segment travel times

and charging station availability. This is then stored in a shared forecast server.

The optimization server is triggered when a vehicle requests a route based on the

predicted forecasts. The request includes the vehicle’s current location, battery level,

and the model of the car. The optimization server program then reads from the

forecast server data and executes the route bi-objective optimization heuristic. The

calculated optimal route is then sends to the vehicle. Note that the exchange of

52
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Figure 5.1: System architecture for EV route planning. Gray boxes are external

actors (data sources, the vehicle). Teal boxes are system components.

information between the vehicle and the server happens at re-evaluation points, not

on every timestep.



54 5.2 Experimental Setup

5.1 Overview

To test our system, we use Winnipeg as the City to implement and evaluate the

proposed methodology. This section describes how each stage of the pipeline was

implemented. The road network and traffic data were prepared, the charging station

availability forecasting models were trained, Monte Carlo simulation was applied to

capture travel time uncertainty, and NSGA-II with knee-point selection was used

to determine charging station selection and routing. The output of each stage was

evaluated against the criteria defined in the methodology in Chapter 3.

5.2 Experimental Setup

All experiments are implemented in Python 3.14. The road network is constructed

and manipulated using OSMnx 2.1.0 [28] and NetworkX 3.6.1 [29]. Traffic interpo-

lation models are implemented in scikit-learn 1.9 [30], and the Gradient Boosting

model uses the XGBoost 3.3.0 library [31]. The LSTM models are built and trained

in TensorFlow 2.21.0 [32].

Sequential experiments are run on a local machine with an 8-core CPU and 16

GB of RAM. Parallel LSTM training is carried out on the Digital Research Alliance

of Canada cluster [33], with one CPU core allocated per cluster model.
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5.3 Data Collection

5.3.1 Road Network Data

The road network dataset for the City of Winnipeg in Manitoba, Canada com-

prises 42,928 road segments and 15,233 road connections (Figure 5.2).

Figure 5.2: City of Winnipeg road map

5.3.2 Historical Traffic Data

The historical traffic data for the city of Winnipeg is incomplete. Public sources

only provide vehicle counts for some road segments in the city. Therefore, this
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research uses a methodology to estimate traffic on the road segments from those

counts, which is explained in the travel time forecasting Section 3.2.1.

Two public datasets give vehicle counts of the City of Winnipeg [34] (Table 5.1).

Permanent stations are fixed at specific locations along the road network and record

vehicle volumes continuously at those points. Mid-block counts, on the other hand,

are collected at different locations across Winnipeg on different days rather than at

one fixed point. Hence, they cover more of the city but do not monitor any single

location continuously.

Table 5.1: Vehicle-count data sources.

Source Granularity Coverage Records

Permanent Count Stations Continuous, 15-min

counts

8 fixed locations 1.6M

Midblock Traffic Counts Manual surveys, 15-

min counts

˜1500 locations 9.0M

5.3.3 EV Charging Stations Data

The combined dataset covers 135 charging stations across the City of Winnipeg,

including station location coordinates, address, connector types, charging price, and

opening times. This data was collected from public and private data sources.
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Figure 5.3: City of Winnipeg EV charging stations

5.3.4 EV Charging Availability Data

Real-time availability data for EV charging stations were collected from public

charging stations across the City of Winnipeg, Manitoba, Canada. The dataset covers

30 days (20 March-19 April 2025) at a 5-minute sampling interval. It contains the

following fields: Location ID, Timestamp, Number of available connectors, Number

of installed connectors, Number of connectors planned for future installation, and

Number of offline connectors. EV availability data were further collected from private

data sources, including HERE Technologies [24] and ChargePoint [23].
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5.4 Road Segment Travel Time Forecasting

Historical traffic data for the City of Winnipeg are incomplete. Vehicle counts

are available for only a limited subset of road segments. Figure 5.4 outlines how

travel time is estimated from vehicle count data. Since most road segments are not

monitored, these missing values must be filled in before calculating the network’s

travel time.

Figure 5.4: Road travel time prediction methodology

5.4.1 Predict Missing Vehicle Counts for Each Road Seg-

ment

Before predicting vehicle counts for missing road segments, the following two data

preprocessing steps are applied.

1. Filter the raw count CSV files to the six-year observation window.

2. Midblock and permanent sensor locations were mapped onto the City of Win-

nipeg road network.
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After the preprocessing step, six complementary techniques were tested, and the

best-performing model was selected.

Implementation of Volume Prediction Models

Missing vehicle counts are estimated using Inverse Distance Weighting (IDW),

Kriging, Gradient Boosting, Gradient Boosting + Network features, k nearest neigh-

bor (KNN), and KNN + Network features. All use the same 5-fold cross-validation

partition with a fixed random seed.

1. Inverse Distance Weighting (IDW)(Appendix A.1)

Inverse distance weighting is implemented as a distance-weighted averaging

method. For each query point, either a road-segment centroid or a held-out

sensor during cross-validation, the estimate is the distance-weighted mean of

the n training sensors:

ẑ(x∗, y∗) =

∑n
i=1wizi∑n
i=1wi

, wi =
1

dpi
(5.1)

The power parameter p is tuned over the values {1.0, 1.5, 2.0, 2.5, 3.0} by min-

imizing the pooled 5-fold cross-validation RMSE and the selected p is 2.

2. Kriging (Appendix A.2)

To predict traffic volumes at unmonitored locations, we use Ordinary Kriging,

a geostatistical interpolation method that estimates each unmonitored value as

a weighted combination of observed counts, V̂ (x0) =
∑n

i=1 λiV (xi), where the
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weights λi are derived from a variogram model γ(h) fitted to the spatial struc-

ture of the observed data, rather than from a fixed distance rule [35; 36; 37].

Unlike distance-based interpolation, which treats all locations at a given dis-

tance as equally informative, Kriging grounds its weights in how traffic counts

actually correlate across the network. The full derivation of the variogram and

the Kriging weights is given in Appendix A.2.

3. Gradient Boosting (Appendix A.3)

To capture variation driven by road-level characteristics rather than spatial

proximity alone, we additionally model vehicle counts using gradient boost-

ing, which treats count estimation as a regression problem over road attributes

such as road type, lane count, posted speed limit, and spatial coordinates.

The model is built as an additive ensemble of shallow decision trees, V̂ (x) =∑M
m=1 γmhm(x), where each tree hm is fitted sequentially to the negative gradi-

ent of the loss function with respect to the current prediction [38]. Unlike the

geographic-proximity assumption underlying Kriging, gradient boosting allows

the model to weight road category and design attributes directly, rather than

location alone. The full model specification is given in Appendix A.3. The

Table 5.2 shows the hyperparameters used in the model.

The maximum tree depth of 2 restricts each tree to at most three binary splits,

limiting the complexity of individual weak learners. The minimum child node

weight of 3 prevents any split from being applied to groups of fewer than three
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Table 5.2: Hyperparameters used in the model.

Hyperparameter Value

Number of boosting rounds 50

Maximum tree depth 2

Minimum child node weight 3

L1 regularisation 1.0

L2 regularisation 2.0

samples, blocking noise-driven partitions on rare feature combinations [31]. All

five hyperparameters are selected by five-fold cross-validation with RMSE as

the criterion.

4. Gradient Boosting with Network Features

The gradient boosting configuration is identical to method 3 above. The

road network structure is characterized using seven features, summarized in

Table 5.3.

5. K-Nearest Neighbors (Appendix A.4)

As a further baseline, we estimate vehicle counts using K-Nearest Neighbors

(KNN), a non-parametric method that makes no assumptions about the un-

derlying data distribution and instead relies on similarity in feature space [39].

We use a distance-weighted variant [40], in which the predicted count at an
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unmonitored segment is computed as an inverse distance-weighted average of

its K nearest monitored segments, so that segments more similar to the query

point contribute more to the prediction than those further away. KNN differs

from Kriging and gradient boosting in that it does not explicitly model spatial

dependence or road-level attributes. Instead, it bases its estimate purely on

the local similarity structure of the feature space. The general form of the

distance-weighted estimator is given in Appendix A.4.

A distance-weighted KNN regressor with k = 7 is applied to the base feature

set. The value k = 7 is selected by a grid search over k ∈ {3, 5, 7, 10, 15} using

five-fold cross-validation.

6. K-Nearest Neighbors with Network Features

The K-Nearest Neighbors configuration is identical to Method 5 above. The

road network structure is characterized using seven features, summarized in

Table 5.3.

Network Feature Set

Table 5.3 lists all features used in Methods 4 and 6. The base features (length,

lanes, maxspeed) describe physical road characteristics. The network features (be-

tweenness, closeness, degree, node density) describe each segment’s structural posi-

tion in the road graph.
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Table 5.3: Feature set for estimating the vehicle count on a road segment.

Feature Description

Length Geometric length of the road segment

Lanes Number of lanes

Maxspeed Posted speed limit

Betweenness Edge betweenness centrality. Fraction of shortest

paths passing through the segment [41]

Closeness Mean node closeness centrality for the segment’s

endpoints [41]

Degree Node degree of the segment’s endpoints

Node Density Local node density near the segment midpoint

After predicting the missing vehicle counts, the Bureau of Public Roads (BPR)

(AppendixB.2) function is applied to each road segment to determine its travel time.

5.4.2 Travel Time Calculation for Each Road Segment

With vehicle counts estimated for all road segments, travel times can be derived

across the full network using the Bureau of Public Roads (BPR), which gives the

total travel time for each segment. The BPR function requires five parameters. These

include the calibration parameters α and β, traffic volume, road segment capacity,

and free-flow travel time. The calibration parameters are set to their standard values,
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where α is 0.15 and β is 4, and the vehicle counts are used as the traffic volume.

The segment capacities are derived from the lane count and a per-lane capacity

lookup by road class [42]:

C [vph] = lanes · clane (5.2)

where clane is the per-lane capacity from the table in Appendix B.1. The free-flow

travel time is computed from segment length and the posted speed limit:

t0 [s] =
L

vfree/3.6
(5.3)

where L is the segment length in meters and vfree is the max speed value in km/h

when present. Where max speed is absent, a road-class default from Appendix B.1 is

substituted. The travel times produced here are used in the Monte Carlo forecasting

stage that follows.

5.4.3 Monte Carlo Simulation for Future Travel Time

After estimating travel time, the Monte Carlo simulation described in Chapter 3

is used to forecast future travel time for each segment. Travel time variability is

modeled using a Poisson distribution, consistent with the approach outlined earlier.

For each segment, K = 1,000 volume scenarios are sampled, and the BPR function

is applied to each scenario to produce K travel time estimates per segment.
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5.5 Forecasting EV Charging Station Availability

With travel time forecasting complete, the next stage is forecasting charging

station availability, using the three model configurations described in Chapter 3.

The City of Winnipeg has 135 EV charging stations in total. After preprocessing, 86

remain, since the remaining 49 report zero available connectors across every record

in the data.

5.5.1 Implementation of SARIMA

A separate SARIMA model is fitted per station, since SARIMA does not support

multivariate input. The forecast horizon is 12 hours. Parameter search bounds are

set to p, q ≤ 3, d ≤ 2, P,Q ≤ 1, and D ≤ 1, selected to limit the search space while

covering the orders most commonly identified from occupancy data.

5.5.2 Implementation of the LSTMModel and its Paralleiza-

tion

The LSTM model is implemented as described in Section 3.2.2. The model con-

figuration is shown in the table 5.4:
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Table 5.4: Sequential LSTM configuration.

Parameter Value

Forecast horizon (H) 48 steps (12 hours at 15-minute intervals)

Hidden size (d) 200

Stacked layers 3

Batch size 1

Maximum epochs 30

Partition gap 143 sequences

To speed up the training process, we parallelized the LSTM model. This is

discussed below.

Parallel LSTM: The stations are divided into groups, with a separate model

trained for each group. Stations are grouped by K-means clustering on usage pat-

terns rather than by geography. Grouping by usage pattern has two advantages.

First, stations within each cluster share similar demand shapes, so each regional

model learns a more uniform input-output mapping. Second, the number of models

is reduced, lowering both training time and the overhead of maintaining separate

models as the station network changes.

Each station is represented by a 34-dimensional feature vector, drawn from three

groups of features:
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• Summary statistics (3 features): mean availability, standard deviation,

and connector count.

• Hourly profile (24 features): average availability for each hour of the day.

• Daily profile (7 features): average availability for each day of the week.

Together, these features capture each station’s overall activity level and the shape

of its temporal demand across the week. Feature vectors are standardized before

clustering to prevent high-variance features from dominating the distance metric.

Configuration of the Parallel LSTM model A separate model is trained for

each usage-pattern cluster. Each model receives input features from all stations at

every time step, but it produces predictions only for the stations in its own clus-

ter. The full input is retained across all models because dropping it would lose the

cross-station correlations from stations outside a given cluster. This reduces output

dimensionality from the total number of stations, as in the sequential model, down

to just the stations in each cluster. In contrast, input dimensionality stays the same

across all models.

Applying usage pattern-based station clustering identifies five clusters, chosen

using silhouette analysis subject to the constraint that each cluster contains enough

stations to support model training. Table 5.5 shows the resulting cluster sizes.
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Cluster Stations

Cluster 0 42

Cluster 1 9

Cluster 2 2

Cluster 3 15

Cluster 4 18

Total 86

Table 5.5: Station cluster sizes from K-means clustering on usage patterns (K = 5).

Cluster 2 contains only two stations whose demand patterns did not fit any larger

group. These are retained as a separate model rather than merged into another

cluster, since forcing them into a group with dissimilar stations would reduce model

accuracy for both. The remaining clusters range from 9 to 42 stations.

After identifying the clusters, the configuration of the parallel LSTM is shown in

the Table 5.6:
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Table 5.6: Parallel LSTM configuration (applied to each of the five cluster models).

Parameter Value

Forecast horizon (H) 48 steps (12 hours at 15-minute intervals)

Hidden size (d) 200

Stacked layers 3

Batch size 32

Maximum epochs 30

Partition gap 143 sequences

All cluster models are trained simultaneously on the high-performance computing

cluster available from Digital Research Alliance of Canada [33]. The computational

environment on the HPC cluster was configured to match the specifications of the

local computing environment used for training the sequence LSTM models, ensuring

consistency in the model training setup and computational requirements. Each clus-

ter is assigned to a separate processor core, allowing the models to train in parallel

rather than sequentially and reducing the overall training time. Since each model

runs independently on a separate core, the total training time is determined by the

cluster model with the longest training time.
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5.6 Find the Initial Route

To find the initial route, NSGA-II is used to minimize travel time and charging

fee, following population initialization, solution encoding, genetic operators, and

fitness evaluation described in the methodology section 4.1.2. The implementation

and parameter configuration are as follows 5.7:

Parameter Symbol Value

Population size N 100

Generations G 50

Tournament size k 2

Mutation probability pm 0.3

Battery capacity B 60.0 kWh

Consumption rate K 0.18 kWh/km

Initial SoC c0 0.40

Minimum SoC cmin 0.10

Charge trigger SoC ccharging trigger 0.25

Charge target SoC cmax 0.55

Table 5.7: Default parameter values used in initial route experiments.
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5.7 Re-evaluate Optimal Route

The optimal routes are re-evaluated as described in Section 4.2. The configuration

used for this step is shown in Table 5.8.

Parameter Symbol Value

Population size N 100

Generations G 50

Tournament size k 2

Mutation probability pm 0.3

Battery capacity B 60.0 kWh

Consumption rate K 0.18 kWh/km

Initial SoC c0 0.40

Minimum SoC cmin 0.10

Charge trigger SoC ccharging trigger 0.25

Charge target SoC cmax 0.55

Replan interval 20 min

Minimum replan distance to destination 3,000m

Minimum replan travel 5,000m

Intersection NSGA-II population 50, 20 generations

Table 5.8: Default parameter values used in route re-evaluation experiments.
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5.8 Summary of Implementation

This chapter presented the implementation methodology developed for dynamic

EV route planning under real-world traffic and charging conditions, based on the

methods described in Chapters 3 and 4. The next chapter presents the results ob-

tained from this implementation.
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Results

This chapter presents the results of the road segment travel time forecasting,

EV charging station availability forecasting, and route optimization. Each stage is

evaluated independently, and the predictive model stages are evaluated using stan-

dard regression and classification metrics. The optimization stage is evaluated using

Pareto front quality indicators and representative route comparisons.

6.1 Road Segment Travel Time Forecasting

Since the City of Winnipeg does not have publicly available traffic data, histor-

ical travel time was estimated using the approach described in the implementation

Section 5.4. Six methods are proposed for this estimation, and the following section

presents their results along with the stages of each method.

73
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6.1.1 Methods for Estimating Traffic Volumes Comparison

All six methods are evaluated on the same five-fold partition with the same

random seed. Table 6.1 reports the results.

Table 6.1: Method comparison: five-fold cross-validation.

Rank Method R2 MAE RMSE Std-RMSE

1 KNN + Network features 0.534 61.7 97.0 0.759

2 KNN 0.505 64.1 101.3 0.793

3 Gradient Boosting 0.455 70.6 102.4 0.802

4 Gradient Boosting + Network 0.413 72.4 105.8 0.828

5 Regression Kriging 0.269 74.7 109.1 0.854

6 IDW) 0.055 83.1 124.0 0.971

KNN with network features produces the strongest result across all four metrics;

the R2 is 0.534, the MAE is 61.7 vph, and the RMSE is 97.0 vph. Figure 6.1 shows

the predicted versus observed scatter for the top two methods.

Impact of Network Features

The same network features have opposite effects on the two machine learning

methods, as shown in Table 6.2. This is the most practically useful finding of the

comparison.
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Figure 6.1: The top two methods.

Table 6.2: Effect of adding network features on cross-validated R2.

Method R2 (base) R2 (+ Network) ∆R2

KNN 0.505 0.534 +0.029

Gradient Boosting 0.455 0.413 -0.042

For KNN, the improvement is consistent with how the method works. Network

features encode the structural role of a road segment independently of its physical

attributes. Two data collection locations assigned to the same road can differ sub-

stantially in terms of centrality. One sits on a through-route, the other on a dead-end

street. Because KNN uses every standardized feature equally in the distance metric,

adding those features that genuinely separate these cases tightens the neighborhood
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match and improves predictions.

For Gradient Boosting, including the same features reduces model performance.

With 367 training points, the XGBoost configuration lacks the capacity to learn

meaningful splits on six additional correlated continuous variables without fitting

noisy quantile thresholds. The R2 reduction of 0.042 is consistent with this interpre-

tation. The BPR analysis uses KNN with network features as the volume model.

IDW and Kriging Performance

The R2 for DW is 0.055, and the R2 for Regression Kriging is 0.269. Both

results are lower than those obtained by every machine learning method tested. The

underlying reason is that vehicle counts at locations 50m apart can differ by an

order of magnitude when the data collected locations sit on different road classes.

IDW averages across that boundary by construction, producing smoothed predictions

that underestimate high-volume arterials and overestimate low-volume residential

streets. Regression Kriging gets some of its accuracy from the road-type trend term.

After accounting for road type, there is nothing left for kriging to learn, and spatial

correlation adds almost nothing on top of the class mean.

These results indicate that IDW requires road-class correction to achieve good

performance. Distance-based weighting alone does not generalize reliably across

different road classes in an urban road network.
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6.1.2 BPR Function Results

BPR was applied to KNN using network-feature-based volume predictions, where

each volume represented the six-year mean traffic count from May 2020 to October

2025.

Table 6.3: Network-wide BPR results: six-year mean (08:00-08:30), 2020-2025

Network metric Value

Mean V/C 0.315

Median V/C 0.207

95th-percentile V/C 1.024

Maximum V/C 2.704

According to Table 6.3, The mean V/C (volume-to-capacity ratio, the ratio of

observed traffic volume to a road segment’s maximum carrying capacity) of 0.315 and

median of 0.207 indicate that most segments operate well below capacity during the

morning peak. The 95th-percentile V/C of 1.024, however, confirms that a subset

of segments already exceeds capacity, and the maximum of 2.704 points to severe

localized over-saturation on freeway ramps and high-flow arterial shortcuts.

The majority of the network operates at Level of Service (LOS) A during the

morning peak. LOS is a qualitative measure of traffic flow, ranging from A to

F, based on the ratio of traffic volume to road capacity: LOS A corresponds to



78 6.1 Road Segment Travel Time Forecasting

free-flow conditions with minimal delay, while LOS F corresponds to over-saturated

flow with severe congestion. A full description of the LOS scale, together with the

corresponding volume-to-capacity thresholds, is provided in Appendix B.3. 5.2% of

segments operate at LOS F and are concentrated in two locations. These are freeway

ramps, which form the most over-saturated road class in the dataset, and high-flow

streets in downtown that carry commuter traffic.

Table 6.4: LOS distribution(2020-2025 mean).

LOS Description Segments %

A Free flow 37,566 87.8

B Reasonably free 1,144 2.7

C Stable 829 1.9

D Approaching unstable 634 1.5

E At capacity 410 1.0

F Breakdown 2,226 5.2

6.1.3 Future Travel Time: Monte Carlo Results

The Monte Carlo simulation draws 1,000 Poisson samples per segment from the

BPR volume predictions. The mean V/C ratio across segments is 0.315, with 5.20%

of segments exceeding V/C > 1 on average and 6.40% at the 95th percentile.
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6.1.4 Discussion

The R2 of 0.534 reflects a feature-information limit rather than a modeling capac-

ity limit. Without data on commercial density, land use, or access road configuration,

all six methods perform similarly, suggesting the limiting factor is data availability

rather than model choice. Increasing model complexity beyond what KNN with

network features provides does not close the gap. It produces overfitting, as the

unconstrained Gradient Boosting result demonstrates.

The asymmetric effect of centrality features on KNN and Gradient Boosting car-

ries a practical implication for feature engineering. The same three features improve

KNN by tightening the distance metric and degrade Gradient Boosting by adding

correlated inputs that a shallow tree cannot split on meaningfully. Therefore, fea-

tures should be selected based on the predictive model.

6.2 Forecasting EV Charging Stations Availabil-

ity

Accurate travel time estimates are necessary but not sufficient for feasible EV

routing. A route that reaches a charging station on time is still infeasible if the

station is occupied on arrival.

Three models are evaluated: SARIMA, a sequential LSTM, and a parallel LSTM.

All three predict the exact number of available connectors at each of the 86 retained
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stations over a 12-hour horizon at 15-minute intervals (H = 48 steps).

Figure 6.2: Average predicted charging station occupancy by hour of day and day of

week across all Winnipeg stations.

Figure 6.2 shows average predicted availability across all stations by hour of

day and day of week. EV station occupancy is highest on weekday mornings (07:00-

09:00) and evenings (16:00-19:00), consistent with commute-driven charging demand.

Weekend patterns are flatter. Occupancy stays moderate throughout the day, with

a slight dip in the early afternoon, suggesting casual rather than commute-driven

usage.
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6.2.1 SARIMA Performance

A separate SARIMA model is fitted per station with seasonal period m = 96,

corresponding to one full daily cycle at 15-minute intervals. Table 6.5 reports test-set

performance.

Table 6.5: SARIMA performance.

Metric Value

MAE (connectors) 0.4632

RMSE (connectors) 1.2143

R2 0.6962

Training time 87.4 minutes

SARIMA accounts for approximately 70% of the variance in connector counts,

which is substantially lower than the performance of the LSTM models. The gap is

attributable to the model’s univariate structure. SARIMA fits each station indepen-

dently and cannot draw on demand patterns at other stations or on network-wide

temporal signals. In this thesis, a station is classified as dynamic if it records at least

one EV visit on a given day, and as static if EV visits occur only rarely, that is, less

than once per day on average. Among the 23 dynamic stations, 22 produce negative

R2 values, and the average exact match rate across dynamic stations is 45.4%. In

contrast, static stations perform substantially better at 84.4% exact match, because
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near-constant series are straightforward for a seasonal model to reproduce regardless

of whether cross-station information is available.

SARIMA also requires the longest training time, 87.4 minutes, as each of the 86

stations requires an independent parameter search, with no parameter sharing across

models.

6.2.2 Sequential LSTM Performance

The sequential LSTM is trained on all 86 stations simultaneously with a 12-

hour forecast horizon. Training converged at epoch 15 of 30 through early stopping.

Table 6.6 reports test-set performance.

Table 6.6: Sequential LSTM performance.

Metric Value

MAE (connectors) 0.1873

RMSE (connectors) 0.4952

MAPE 6.62%

R2 0.9504

Early-stop epoch 15 / 30

Training time 1,335 s

The model accounts for 95.0% of the variance in connector counts across all 86
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stations and 48 future time steps. An MAE of 0.19 connectors means predictions de-

viate from the true count by less than one-fifth of a connector on average. However,

experiments with increasing batch sizes showed a noticeable decline in prediction

accuracy, suggesting that smaller batch sizes were more suitable for predicting con-

nector availability.

6.2.3 Parallel LSTM Performance

Five cluster-level models are trained independently. Each receives the full 89-

dimensional input, consisting of availability values from all 86 stations and three

temporal features, but predicts connector counts only for stations in its own cluster.

Table 6.7 reports the combined metrics and the per-cluster average.

Table 6.7: Parallel LSTM aggregate performance.

Metric Value

MAE (connectors) 0.2566

RMSE (connectors) 0.5696

MAPE 10.65%

R2 0.9344

Avg early-stop epoch 13.8 / 30 (range: 6-21)

Training time 141 s (longest cluster)



84 6.2 Forecasting EV Charging Stations Availability

The combined R2 of 0.9344 was computed by aggregating the predictions from all

five clusters into a single vector and evaluating this against the observed values. This

is the appropriate comparison metric against the sequential model, since it covers

the same 86 stations and 48 time steps. The MAE is a more informative metric for

these clusters, and on both MAE and R2, the parallel model performs comparably

to the sequential model.

6.2.4 Comparative Analysis

Table 6.8 compares all three models on the same dataset, 12-hour horizon, 70/15/15

split, and evaluation metrics.

Table 6.8: Comparison of all models for connector count prediction (12-hour horizon,

86 stations).

Metric SARIMA Seq. LSTM Par. LSTM

MAE (connectors) 0.4632 0.1873 0.2566

RMSE (connectors) 1.2143 0.4952 0.5696

R2 0.6962 0.9504 0.9344

Training time 5,254 s 1,335 s 141 s

Models trained 86 1 5

The R2 gap between SARIMA (0.70) and LSTM (0.95) is 0.25. Two structural
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limitations account for this. SARIMA fits each station in isolation without access to

signals from other stations.

The parallel LSTM’s R2 of 0.9344 sits 1.6 points below the sequential model,

but requires only 141 s for training. Since only the affected cluster requires retrain-

ing after station infrastructure changes, this architecture is more practical for live

deployment in an evolving station network.

All models achieve MAE below 0.26 connectors. After rounding to integers, the

predicted count matches the true value in most cases, which is sufficient accuracy

for the route optimization to make reliable charging station selections.

6.2.5 Limitations

Two limitations apply to the availability prediction results. The first is the short

observation window. The dataset covers only 30 days, from 20 March to 19 April

2025, and never sees a full seasonal cycle, so accuracy could suffer once conditions

drift toward the city of Winnipeg winter the model has never encountered. The

second is the absence of external covariates. Weather, electricity prices, local events,

and traffic volume are all excluded from the input features, despite plausibly driving

demand at the stations. Adding them is likely the most direct way to improve

accuracy on that harder subset.
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6.3 Route Optimization Results

NSGA-II is applied to generate Pareto-optimal route sets from the traffic and

availability predictions produced in the preceding stages. The resulting Pareto front

is well-distributed across the objective space, with solutions spanning from minimal

travel time at higher charging cost to minimal charging cost at longer travel time.

6.3.1 Experimental Routes

The five routes are listed in Table 6.9. All share the default optimization param-

eters.

Route Id Description Approx. km Start node End node

0 West to East 33.5 288981953 2566870611

1 Southwest to Northeast 31.5 367131619 1688849660

2 West to East 30.2 9666839223 1688848613

3 East to West 29.8 8151998098 4410522479

4 Southwest to Northeast 29.7 1152186186 1688786938

Table 6.9: The five evaluated routes

6.3.2 Initial Optimal Route Results

Table 6.10 summarizes the initial route optimization for every route. To account

for variability in the optimization process, we evaluated each route over multiple
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independent runs. The best time and best fee columns are the two extremes of the

NSGA-II Pareto front. A* time and fee are the shortest-length baseline evaluated

under the same congestion and charging model.

A* baseline NSGA-II Initial Optimal Routes

Route Time Fee Front Best time Best fee Runtime

(min) ($) size (min) ($) (s)

0 41.01 1.77 9 39.37 0.688 45.1

1 41.79 0.76 10 40.82 0.682 41.0

2 38.08 0.00 1 35.12 0.000 39.6

3 40.93 0.00 1 35.98 0.000 48.3

4 38.87 0.00 1 38.43 0.000 38.8

Table 6.10: Initial optimal routes results

NSGA-II beats A* on travel time on every route, by 1.0-5.0 minutes. Averaged

across the five routes, the best-time front point is 37.9 min against A*’s 40.1 min,

a 5.5% drop. The biggest gains are on routes 2 and 3 (roughly 3 and 5 minutes,

7-12%), where A* commits to a congested road that the optimization routes around.

On the two routes that require charging (0 and 1), NSGA-II also cuts the fee hard.

A* pays $1.77 on route 0 because it charges at an expensive (≈ $0.18/kWh) station

along its straight-line corridor, while the cheapest NSGA-II solution detours to a

≈ $0.07/kWh station and pays only $0.69, a 61% savings.
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Figure 6.3: Per-route Pareto fronts (blue), and the A* baseline (red star). Routes

0-1 show a genuine trade-off.

Figure 6.3 and Figure 6.4 show them individually with the A* point marked.

The Charging Threshold and the Degenerate Fee Objective

The fee objective does not always exist. With an initial SoC, any route whose

driven distance stays below that range never crosses the 25% charge trigger and never

inserts a charging stop. Routes 2-4 drive 29.6-30.2 km and finish on the initial charge.

Their fee is zero for every feasible path. There is no trade-off to find, and NSGA-II

correctly returns a single time-minimizing solution (front size 1 in Table 6.10).

This pattern is directly reflected in the SoC traces shown in Figure 6.5. Route 0

drops below the 25% trigger threshold near the midpoint, prompting a recharge to

the 55% target level. Route 2 descends monotonically and terminates above the

trigger threshold, at no point reaching the charging station.
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Figure 6.4: Per-route Pareto fronts (blue), and the A* baseline (red star). Routes 2-4

reduce to a single non-dominated point because every feasible path has zero charging

fee.

Convergence Behaviour

Figure 6.6 presents the NSGA-II convergence metrics (best time, best fee, and

Pareto-front size) over 50 generations for routes 0 and 1, the two that require charg-

ing. The best time exhibits stepwise improvement, converging well before generation

50. For Route 0, the final improvement occurs near generation 30, beyond which the

value remains unchanged. The best fee remains essentially constant from the outset.
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Figure 6.5: SoC profiles for the best-time solution. Left: route 0 needs one charging

stop (green band). The trace touches the 25% trigger (red dashed line). Right:

route 2 completes on the initial charge and never triggers, which is why its fee

objective is degenerate.

The cheap-station detour is already present in the seed population, and the genetic

operators therefore preserve this solution rather than discover it.

The quality of the objectives is largely determined by the population generated

through heuristic and random route generation. The genetic operators contribute

little beyond preserving the solutions already identified in the seed population, which

also explains why 50 generations are more than sufficient. Both objectives converge

by generation 30 across all routes.
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Figure 6.6: Convergence of best time, best fee, and Pareto-front size over 50 gener-

ations for route 0 (top) and route 1 (bottom).

6.3.3 Re-evaluating Optimal Routing Results

Table 6.11 shows how often each route was re-evaluated mid-journey, and what

triggered each replan. All five routes successfully reached the destination after re-

evaluation. The optimization selected the cheap station (≈ $0.07/kWh) on Route 1,

incurring a cost of $0.75, but reverted to the expensive station (≈ $0.18/kWh) on

Route 0, incurring a cost of $1.50, closer to A*’s $1.77 than to the $0.69 cheap end

of the static front.
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Executed journey Replan triggers

Route Time Fee Dist. Stops Inter. Sched. Post-chg Runtime

(min) ($) (km) (s)

0 42.30 1.50 34.70 1 34 4 1 95.2

1 40.77 0.75 32.27 1 28 5 1 91.7

2 37.98 0.00 29.64 0 24 4 0 78.3

3 36.01 0.00 30.20 0 27 5 0 104.8

4 38.05 0.00 29.76 0 28 5 0 83.3

Table 6.11: Re-evaluation execution per route.

The replan workload remains stable across all routes and is dominated by the

intersection trigger, with 24-34 intersection replans per trip compared to only 4-

5 scheduled replans and at most one post-charging replan. Re-evaluation occurs at

nearly every turn but rarely alters the route, consistent with the previously measured

93.9% intersection no-op rate. The runtimes (78-105 s) are approximately twice those

of the initial runtimes (39-48 s).

Figure 6.7 shows the trigger composition across routes, and Figure 6.8 compares

the initial route against the re-evaluate execution objective by objective.
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Figure 6.7: Replan-trigger composition by route. Intersection triggers (green) dom-

inate over scheduled triggers, while post-charging triggers add a small, constant

contribution.

Figure 6.8: Initial optimal routes vs. re-evaluated optimal routes
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6.3.4 Initial vs. Re-Evaluate Optimization

A comparison of the best-time initial route with the re-evaluated route execution

(Tables 6.10 and 6.11) shows that the re-evaluated routes achieve travel times within

approximately ±3 minutes of the initial estimate on every route. It is slower on

the two routes that require a charging stop (Route 0: 42.3 min compared to a 39.4

min initial best route; Route 2: 38.0 min compared to 35.1 min). On the remaining

routes, the performance is essentially unchanged or marginally improved (Route 1:

40.8 vs. 40.8 min; Route 3: 36.0 vs. 36.0 min; Route 4: 38.0 vs. 38.4 min), because

mid-journey congestion updates occasionally identify a slightly better route segment.

With no incidents to react to, the initial optimal route is as good as, or slightly

better than, the re-evaluated route. The route re-evaluation approach yields its

greatest benefit when road closures, station failures, or congestion spikes occur that

the initial optimal route cannot anticipate.

6.3.5 Optimal Route Maps and Charging Stations

Figures 6.9 through 6.13 draw the optimal routes for each case on the city of

Winnipeg road network, overlaying four plans. The A* shortest-length baseline ap-

pears in red, the static NSGA-II best-time solution in blue, the Initial NSGA-II

optimal route’s best-fee solution in green, and the re-evaluated route optimization

in orange. Charging stops are drawn as stars coloured by the route that uses them,

with the station name annotated. The green start marker and red end marker fix
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the orientation.

Figure 6.9: Optimal route map for Route 0

On the two charging routes 0 and 1 in Figure 6.9 the best-fee plan visibly de-

tours north to reach a cheap (≈ $0.07/kWh) station. On route 0 it swings up to the

Kildonan Park area, whereas the best-time and A* plans charge at a more conve-

niently located but more expensive (≈ $0.18/kWh) station near the direct corridor.

The detour distance the green plan accepts is the price of its 60%+ fee saving. The

re-evaluated route execution follows the best-time corridor closely and charges along

it. On route 1, the station nearest that corridor happens to be the cheap one, so

the re-evaluated route pays $0.75. On route 0, the optimization selects a separate
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station in the northeast and pays $1.50.

Figure 6.10: Optimal route map for Route 1

On the three non-charging routes (2-4, Figures 6.11 and 6.13), the four plans

carry no charging stars at all, as the trip completes on the initial charge. The best-

time, best-fee, and re-evaluated routes largely converge, since without a fee to trade

against, they all reduce to the same time-minimizing corridor. The A* plan is the

main outlier, committing to a slower road that both optimized routes avoid. .
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Figure 6.11: Optimal route map for Route 2

Figure 6.12: Optimal route map for Route 3



98 6.3 Route Optimization Results

Figure 6.13: Optimal route map for Route 4. As with the other short routes, no

charging is required.

6.3.6 Re-plan Trigger Breakdown

Table 6.12 reports the median trigger counts in all experimental runs.

Intersection replans account for 84% of all replan events. On this network, the

road name changes between edges every few hundred meters, and the intersection

trigger activates at nearly every block. Each intersection replan executes a 50-

population, 20-generation NSGA-II optimization. The scheduled trigger activates

every 4 to 5 events. The SoC threshold trigger rarely activates, as the static plan

already identifies the correct charging stop, while the post-charging trigger activates
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Trigger Median count Share of total

Intersection 29.5 84%

Scheduled 4.5 13%

Post charging 1.0 3%

Soc threshold 0.0 0%

Incident 0.0 0% (1.0 with incidents enabled)

Total 35.0 100%

Table 6.12: Re-plan trigger distribution across all experimental runs. The incident

row reflects zero because most experiments ran without incidents enabled.

exactly once per trip, when the vehicle departs the station with a replenished SoC.

Among the 33 intersection replans, 31 resulted in the same next node that the con-

troller was already following, corresponding to a no-op rate of 93.9



Chapter 7

Discussion & Conclusion

This thesis developed a multi-objective, data-driven methodology for EV route

planning under dynamic real-world conditions. The methodology addressed four key

stages: data collection, travel time forecasting, charging station availability predic-

tion, and route optimization. Each stage was evaluated against appropriate baselines

using the Winnipeg road network.

This section summarizes our results and discusses key points from our experi-

mentation. For road segment travel time forecasting, six volume prediction methods

were compared using five-fold cross-validation across 367 monitored segments. KNN

with network centrality features achieved the strongest performance, with an R2 of

0.534, an MAE of 61.7 vph, and an RMSE of 97.0 vph. It outperformed both the

spatial interpolation methods and the Gradient Boosting variants. The finding that

centrality features improve KNN performance but degrade Gradient Boosting per-

100
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formance confirms that feature effectiveness depends on the model using the feature

rather than on the feature alone. The selected KNN model was then applied to pre-

dict traffic volumes on unmonitored road segments, extending coverage beyond the

sensor network through network topology features. These predicted volumes were

converted into travel time estimates using the Bureau of Public Roads (BPR) func-

tion, and Monte Carlo simulation was applied to the resulting estimates to forecast

future travel times. These steps can be used to predict travel time from vehicle count

on road segments.

For forecasting EV charging station availability across 86 Winnipeg stations over

a 12-hour horizon, the sequential LSTM produces the strongest result, with an R2 of

0.9504. The parallel LSTM follows with an R2 of 0.9344, while completing training in

141 seconds across five regional clusters. SARIMA achieved the lowest performance

with an R2 of 0.6962, due to its single-station modeling scope.

For route optimization, the static plan is the initial route computed once by

NSGA-II before departure, and the dynamic optimizer is that same route after it

has been re-evaluated during travel. Across all five Winnipeg routes, static NSGA-II

produces feasible plans that outperform A*, while the dynamic optimizer executes

these plans while re-planning against live congestion as needed. When no incident

occurs along the initial route, both approaches achieve similar travel times, with the

static plan maintaining a slight advantage because the initial route is already op-

timized and additional re-planning introduces intersection-trigger overhead without
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changing the route. When an incident does occur, the dynamic optimizer performs

better by adapting to conditions that are unavailable to the static plan. Charging

only becomes relevant on routes long enough to drain the initial charge, so the fee

objective doesn’t exist on shorter routes, which reduce to single-objective time min-

imization. Future evaluation should stress the battery with longer routes or lower

initial SoC conditions to better test the charging trade-off across the full route set

rather than only the subset of routes that require charging.

7.1 Future Work

The availability prediction dataset covers a single season and excludes external

covariates. Extending it to a full calendar year and incorporating weather and traf-

fic data at the stations are the most promising approaches for improving prediction

quality. On the congestion side, the R2 of 0.534 indicates a limitation in the avail-

able feature information. Supplementary data on land use, commercial density, and

additional vehicle count monitoring locations across the network would be needed to

achieve further improvements.



Appendix A

Methods for Estimating Traffic

Volumes at Unmonitored

Locations

A.1 Inverse Distance Weighting (IDW)

Inverse Distance Weighting (IDW) is a deterministic spatial interpolation method

that estimates values at unmonitored locations from nearby observations [43]. The

method rests on the assumption that spatially proximate locations share more similar

attribute values than distant ones, so each observation’s contribution to an estimate

diminishes with distance [44].

The estimated value at an unknown location x0 is computed as a weighted average

103
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of n surrounding observations:

V̂ (x0) =

∑n
i=1wi(x0)V (xi)∑n

i=1 wi(x0)
(A.1)

where V (xi) is the observed vehicle count at location xi, and wi(x0) is the weight

assigned to that observation. Weights are defined as:

wi(x0) =
1

d(x0, xi)p
(A.2)

where d(x0, xi) is the distance between the prediction point and the observation,

and p is the power parameter governing the rate at which influence decays with

distance [43]. Higher values of p concentrate weight on the nearest observations and

reduce the contribution of those further away.

A.2 Kriging

The kriging procedure used to estimate traffic volumes at unmonitored locations

proceeds in two stages. A variogram is first estimated from the observed traffic

counts, then used to compute the Ordinary Kriging weights at each unmonitored

location.

The variogram γ(h) is estimated directly from the available traffic counts:

γ(h) =
1

2
Var[V (xi)− V (xj)], h = |xi − xj| (A.3)
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It captures how dissimilarity between two observations grows with the distance h

between them. At short distances, counts on nearby segments tend to move together,

so γ(h) stays small. A Gaussian variogram model is fitted to the data to smooth the

empirical variogram and give a continuous description of spatial dependence across

the network [37].

The fitted variogram is then used to solve for the Ordinary Kriging weights λi at

each unmonitored location x0. The estimator takes the form [37]:

V̂ (x0) =
n∑

i=1

λiV (xi) (A.4)

where V (xi) is the observed count at monitored location xi. The weights λi are found

by minimizing prediction variance subject to the unbiasedness constraint
∑n

i=1 λi = 1

[37]. Since the weights come from the fitted variogram rather than a fixed distance

rule, they reflect how correlated each neighboring segment is with the target location.

A.3 Gradient Boosting

Gradient Boosting treats vehicle count estimation as a regression problem, using

road-level attributes as features rather than spatial position alone. The input feature

vector xi for each road segment comprises road type, lane count, posted speed limit,

and spatial coordinates. The model is built as a sum of M shallow decision trees

[38]:
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V̂ (x) =
M∑

m=1

γmhm(x) (A.5)

where hm(x) is the m-th tree and γm is its step size. At each iteration m, a new

tree is fitted to the negative gradient of the loss function with respect to the current

prediction [38]:

rim = −

[
∂L(Vi, V̂m−1(xi))

∂V̂m−1(xi)

]
(A.6)

V̂m(x) = V̂m−1(x) + γmhm(x) (A.7)

A.4 K-Nearest Neighbors(KNN)

K-Nearest Neighbors (KNN) is a non-parametric method that estimates a value

at a query point from the observed values of its nearest neighbors in feature space,

without assuming an underlying data distribution [39]. The model estimates continu-

ous vehicle counts using a distance-weighted variant [40], which reduces the influence

of distant outliers by computing the count at an unmonitored segment as an inverse

distance-weighted average of the k most similar monitored segments:

ẑ(x∗) =

∑
i∈Nk(x∗)

zi/di∑
i∈Nk(x∗)

1/di
(A.8)
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where ẑ(x∗) is the predicted vehicle count at the unmonitored segment, x∗ is its

feature vector, and Nk(x
∗) is the set of k nearest monitored segments in feature

space. For each neighbor i, zi is the observed vehicle count and di is the distance to

x∗ in feature space. Segments that are more similar to the query point contribute

more to the prediction, while those further away in feature space are down-weighted

accordingly.



Appendix B

Description of Road Capacity

Standards and the BPR Function

B.1 Road Capacity Standards

Because the City of Winnipeg does not publish road segment capacity data at the

level of detail required for this analysis, lane capacities were instead drawn from the

Halton Region Transportation Master Plan [45], which documents typical per-lane

capacities by functional road classification for Canadian urban roads. The values

used are listed in Table B.1 and were applied uniformly across the network under

normal traffic conditions.
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Table B.1: Per-lane capacities and free-flow speeds used in this study

Road Classification Capacity (vph/lane) Free-flow Speed (km/h)

Provincial Freeway 1850 100

Regional Road 900 80

Major Arterial 850 60

Minor Arterial 750 50

Collector 450 30

B.2 Bureau of Public Roads (BPR) Function

The Bureau of Public Roads (BPR) function is a widely used volume-delay func-

tion that relates travel time on a road segment to how heavily that segment is used

relative to its capacity. Current travel time for each road segment is estimated using

this function [46], which models travel time as a non-linear function of the ratio of

traffic volume to road capacity:

t = t0

[
1 + α

( v

C

)β
]

(B.1)

where:

• t is the estimated travel time on the segment,

• t0 is the free-flow travel time under uncongested conditions,
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• v is the traffic volume on the segment,

• C is the segment capacity,

• α and β are calibration parameters.

The BPR function gives the total travel time per segment, combining the free-flow

travel time with an additional congestion term. At low volume-to-capacity ratios,

the function returns a travel time close to t0. As the ratio approaches and exceeds

1, travel time increases sharply, reflecting the non-linear onset of congestion.

Figure B.1: BPR function with Level-of-Service bands.

Figure B.1 shows how travel time scales with the volume-to-capacity ratio under

the BPR function. Travel time remains close to free-flow at low ratios and rises
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sharply as the ratio approaches and exceeds 1.0.

B.3 Level of Service (LOS)

Level of Service (LOS) is a qualitative classification of traffic flow, derived from

the volume-to-capacity ratio produced by the BPR function [47]. Six categories are

defined, ranging from free-flow conditions at LOS A to over saturated flow at LOS

F:

• LOS A: V/C ≤ 0.60

• LOS B: V/C ≤ 0.70

• LOS C: V/C ≤ 0.80

• LOS D: V/C ≤ 0.90

• LOS E: V/C ≤ 1.00

• LOS F: V/C > 1.00

The bands corresponding to each LOS category are indicated in Figure B.1.



Appendix C

Description of Forecasting Models

for EV Charging Station

Availability

C.1 SARIMA (Seasonal ARIMA)

Seasonal Autoregressive Integrated Moving Average (SARIMA) is a classical

time-series model that combines autoregressive, differencing, and moving-average

components for both non-seasonal and seasonal patterns [48]. The model is de-

noted SARIMA(p, d, q)(P,D,Q)m, where (p, d, q) are the non-seasonal orders and

(P,D,Q)m are the seasonal orders with period m.
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C.2 LSTM Model

Long Short-Term Memory (LSTM) networks are a class of recurrent neural net-

work designed to model long-range temporal dependencies in sequential data, using

gated units that regulate the flow of information across time steps [49]. The archi-

tecture used in this study consists of an LSTM layer followed by a fully connected

output layer. The LSTM receives the input sequence X ∈ RL×F , where F = S + 3,

and produces a hidden state ht ∈ Rd at each time step. The hidden state at the

final time step, hL, is projected through a linear layer to a flattened output of length

S×H, which is reshaped to RH×S. Each row of this output corresponds to one future

time step, and each column corresponds to one station, giving predicted available

connector counts for all S stations across the H-step forecast horizon.

The LSTM cell updates at each time step t are:

ft = σ(Wf [ht−1,xt] + bf ) (C.1)

it = σ(Wi[ht−1,xt] + bi) (C.2)

c̃t = tanh(Wc[ht−1,xt] + bc) (C.3)

ct = ft ⊙ ct−1 + it ⊙ c̃t (C.4)

ot = σ(Wo[ht−1,xt] + bo) (C.5)

ht = ot ⊙ tanh(ct) (C.6)

where σ is the sigmoid function, ⊙ denotes element-wise multiplication, and [·, ·]
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denotes concatenation.

The dense output layer is:

Ŷ = reshape(WouthL + bout, [H,S]) (C.7)

C.3 Evaluation Metrics

Model performance is evaluated on the held-out test set using five metrics. All

metrics are computed on predictions of the number of available connectors after

inverse scaling, rounding, and clipping.

• Mean Absolute Error (MAE): The average absolute difference between

predicted and actual counts.

MAE =
1

M

M∑
i=1

|yi − ŷi| (C.8)

• Root Mean Squared Error (RMSE): The square root of the mean squared

error. RMSE penalizes large individual errors more than MAE, making it more

sensitive to predictions that are far from the actual count.

RMSE =

√√√√ 1

M

M∑
i=1

(yi − ŷi)2 (C.9)

• Mean Absolute Percentage Error (MAPE): Error expressed as a per-

centage of the actual value. Computed over the M ′ instances where yi ̸= 0 to
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avoid division by zero.

MAPE =
100

M ′

M ′∑
i=1
yi ̸=0

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (C.10)

• Coefficient of Determination (R2): The proportion of variance in actual

connector counts explained by the model.

R2 = 1−
∑M

i=1(yi − ŷi)
2∑M

i=1(yi − ȳ)2
(C.11)

In all equations, M is the total number of predictions across all stations and

time steps, and yi and ŷi are the actual and predicted available connector counts,

respectively.



Appendix D

Description of the Multi-Objective

Optimization Method

D.1 Genetic Algorithms

A Genetic algorithm (GA) is a population-based, stochastic optimization method

inspired by natural selection [50; 51]. It works with a set of candidate solutions

rather than a single point, and improves them over iterations called generations.

The standard vocabulary is:

• Individual/chromosome: one candidate solution, encoded in a form the

operators can manipulate.

• Gene: one element of a chromosome.
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• Population: the set of individuals held at one time.

• Fitness: a measure of solution quality that drives selection.

• Selection: choosing which individuals reproduce, biased toward fitter ones.

• Crossover: combining two parents into offspring that inherit parts of each.

• Mutation: a small random change applied to an offspring, which maintains

diversity and lets the search escape local optima.

• Elitism: carrying the best individuals unchanged into the next generation so

good solutions are never lost.

The canonical GA loop is: initialize a population, evaluate fitness, then repeat

{select parents, apply crossover and mutation, evaluate offspring, form the next

generation} until a stopping criterion is met.

D.2 Non-dominated Sorting Genetic Algorithm II

(NSGA-II)

NSGA-II (Non-dominated Sorting Genetic Algorithm II), introduced by [27], is a

multi-objective evolutionary algorithm widely used for optimization problems with

two or more conflicting objectives. Instead of reducing the objectives to a single score,
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it searches for a set of Pareto-optimal solutions, each representing a different trade-

off, so that no solution can be improved in one objective without worsening another.

It sorts the population into fronts based on dominance, uses crowding distance to

keep solutions spread out within each front, and carries the best solutions forward

across generations through elitism. Algorithm 1 details this process.

Algorithm 2 NSGA-II
1: P ← InitialPopulation(start, end, t0)

2: for g = 1 to G do

3: Q← ∅

4: while |Q| < N do

5: p1, p2 ← Tournament(P ), Tournament(P )

6: c← Crossover(p1, p2)

7: if rand < pm then

8: c← Mutate(c)

9: end if

10: c← RemoveLoops(c)

11: if IsValid(c) then

12: Q← Q ∪ {c}

13: end if

14: end while

15: S ← Evaluate(P ∪Q, t0)

16: P ← BuildNextGen(P ∪Q,S)

17: end for

18: return Pareto front of P

NSGA-II operates on a population of candidate routes. Each generation proceeds

in three steps. First, solutions are ranked by fast non-dominated sorting [27]. A

solution is assigned rank 1 if no other solution in the population is better on both
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objectives simultaneously, rank 2 if it is dominated only by rank-1 solutions, and so

on. Second, a crowding distance metric is computed within each rank to measure

how isolated a solution is from its neighbors in objective space, and sparser solutions

are preferred during selection to maintain spread across the Pareto front. Third,

selection, crossover, and mutation operators produce the next generation of candidate

routes, with selection preferring lower-rank solutions and, among equal ranks, greater

crowding distance.

At convergence, the non-dominated solutions from the final generation form the

Pareto front. Each point on this front represents a route that cannot be improved on

one objective without worsening the other, and the driver selects from among them

according to their preference for speed over cost or cost over speed.

D.2.1 Non-dominated Sorting and Population Update

After each generation, parent and offspring populations are combined and de-

duplicated by node sequence. The combined set is sorted into Pareto fronts using

the standard O(MN2) fast non-dominated sort [27]. Fronts are added to the next

generation in rank order until adding the next complete front would exceed the

population cap, at which point a random subset of that front fills the remaining

slots.
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Figure D.1: Non-dominated sorting layers on a sample combined population. Each

curve is one Pareto front. Deeper fronts are shown in grey.

D.3 Knee-Point Selection

A knee point is the solution on the Pareto front at which any further improvement

in one objective comes only at a disproportionate cost in the other. On a two-

objective front, this corresponds to the region of maximum curvature, the point

farthest from the line connecting the two extreme solutions [52; 53].

Let the Pareto front contain N candidate plans, where plan i has evaluated travel

time ti (driving plus charging) and charging fee fi. To place both objectives on a

comparable scale, each is normalized to the unit interval by min–max scaling:
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t̃i =
ti − tmin

tmax − tmin

, f̃i =
fi − fmin

fmax − fmin

, (D.1)

where tmin, tmax and fmin, fmax are the extreme objective values over the current

front. Let A = (t̃A, f̃A) denote the best-time extreme (minimum t̃) and B = (t̃B, f̃B)

the best-fee extreme (minimum f̃). The perpendicular distance of each normalized

plan Pi = (t̃i, f̃i) from the chord AB is

di =

∣∣ (f̃B − f̃A) t̃i − (t̃B − t̃A) f̃i + t̃B f̃A − f̃B t̃A
∣∣√

(f̃B − f̃A)2 + (t̃B − t̃A)2
. (D.2)

The selected plan is the knee point, the candidate of maximum distance from the

chord:

i⋆ = arg max
1≤i≤N

di. (D.3)

A knee point is well defined only when the front contains at least three distinct

solutions. With two or fewer candidates, no interior trade-off exists, so the plan

minimizing the sum of the normalized objectives is returned instead. The normal-

ization in Equation D.1 is computed over the front currently under evaluation, so

the geometry is relative to that front rather than to any absolute scale. As with any

knee-based criterion, the selection favors balanced trade-offs. It will not return an

extreme plan even when one objective is strongly preferred, which is the tradeoff of

removing weights altogether.
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This selection rule is applied the same way throughout the journey. Once to

choose the initial plan at departure time t0, and again at every re-plan, where the

optimization is re-run from the vehicle’s current state and Equations D.1–D.3 are

re-applied to the newly generated front.
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