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Chapter 1

Introduction and Justification

1.1 Problem Statement

Vehicle congestion in urban areas like Bogota represents a significant challenge affecting citi-
zens’ quality of life, economic efficiency, and the environment [1, ?]. Long commute times, air
pollution, and traffic-related stress are pressing issues requiring innovative solutions to pro-
mote sustainable urban mobility [2, 3]. While methodologies exist to address these problems,
they often fail to capture the inherent complexity of urban environments, particularly the inter-

connected factors of traffic flow and population density [4].

1.2 Research Justification

Given the limitations of conventional approaches to understanding urban traffic complexities,
this research proposes using Graph Neural Networks (GNNs) as an advanced tool to ana-
lyze interactions between various urban elements, including population distribution, mobility
flows, and road infrastructure [5, 6]. GNNs can represent transportation systems as graphs,
where stops or intersections are nodes and roads are edges [7]. This representation enables
modeling the complex spatial and temporal dependencies in traffic networks more naturally

and effectively than traditional grid-based or one-dimensional time series methods [1].

Developing an optimized traffic prediction system has transformative potential, including re-
duced travel times, decreased congestion, and lower air pollution, contributing to a cleaner,

healthier environment [3]. Long-term, these improvements positively impact public health and



overall well-being, including reducing commute-related stress [3]. This research aims not only
to address immediate urban challenges but also to actively contribute to a sustainable, resilient
future by developing a GNN-based traffic prediction system for Bogota. The project’s primary
objective is to develop a traffic prediction system for Bogota using Graph Neural Networks
(GNNSs) to improve urban mobility efficiency, leveraging real traffic data while evaluating both

model performance and real-world applicability.

1.3 Social Impact

Implementing an optimized urban traffic plan through a GNN-based prediction system could
generate significant societal impacts. Socially, transportation system optimization could di-
rectly reduce travel times, decrease congestion, and lower air pollution, yielding long-term
public health and well-being benefits [3]. Reducing traffic-related stress could positively impact
mental health and overall happiness. Furthermore, an efficient transportation system could
boost tourism, facilitate cultural exchange, and stimulate economic growth by improving ac-
cess to businesses and services [3]. Technologically, this project could establish a precedent for
evidence-based decision-making in the city, potentially leading to more transparent, account-

able governance with technology-informed policies and investments.



1.4 Objectives

1.4.1 Main Objective

Develop a Graph Neural Network-based traffic prediction system for Bogota that enhances

urban mobility while considering population welfare and environmental sustainability.

1.4.2 Specific Objectives

1. Construct a comprehensive traffic dataset from SUMO simulations representing Bogotd’s

urban mobility patterns

2. Design a hybrid GNN architecture combining spatial graph convolutions with temporal

attention mechanisms
3. Evaluate model performance using MAE RMSE metrics against baseline approaches

4. Assess the system’s impact on population well-being through reduced commute times

and improved air quality indices

1.5 Scope

This research focuses on developing a Graph Neural Network-based traffic prediction system
for Bogotd, with particular emphasis on three interconnected urban dimensions: population
well-being and environmental protection, equitable distribution of transportation services, and
sustainable urban growth. The study will examine how advanced traffic modeling can con-
tribute to reducing environmental impacts while improving citizens” quality of life through

decreased commute times and better air quality.

Geographically constrained to Bogotd’s main urban area, the research will analyze the rela-
tionship between existing transportation infrastructure and population distribution patterns,
particularly focusing on access to essential services in high-density zones. The temporal scope
covers traffic patterns utilizing SUMO-generated simulations of the city’s arterial road network
during both peak and off-peak periods. These simulations will model key traffic parameters
including vehicle speed, flow, and density, while excluding neighborhood streets and non-

motorized transportation modes in this initial phase.



Methodologically, the study will establish evaluation frameworks for assessing transportation
systems’ social and environmental impacts, while acknowledging current limitations in com-
putational capacity for city-scale modeling and the reliance on simulated rather than real-time
sensor data. The research outcomes aim to provide urban planners with evidence-based guide-
lines for implementing graph-based neural networks in mobility planning, along with policy
recommendations for equitable service distribution that considers projected population growth
patterns. This scope intentionally excludes rural outskirts and focuses on technical solutions

adaptable to Bogota’s specific urban morphology and demographic characteristics.



Chapter 2

Methodology

This project is primarily data-driven, involving data analysis and processing to develop a
Graph Neural Network (GNN) architecture. The goal is to train the GNN for optimal perfor-
mance, which is why the methodology follows a quantitative approach. The project is divided
into six stages: Research: Reviewing existing GNN models, theoretical framework: Establish-
ing the foundational concepts for GNN implementation, data analysis: Examining city traffic
data to guide the GNN architecture design, development: Building the GNN model, training
and evaluation: Optimizing and assessing the model’s performance. This Work will start once

the project is approved.

2.1 Phase 1: Theoretical Framework

This study employs a quantitative deep learning approach for urban traffic prediction, struc-
tured into six methodical phases. The research begins with a comprehensive literature review
focusing on graph-based traffic prediction architectures. This theoretical foundation informs

our model selection and establishes performance benchmarks for subsequent comparison.

2.2 Phase 2: Data Engineering

For data generation, we utilize SUMO (Simulation of Urban Mobility) to create realistic traffic
scenarios across Bogotd’s arterial road network. The simulation outputs vehicle trajectories

with key parameters including speed, flow, and density at 5-minute intervals.



Before feature transformation, we implement a comprehensive data quality pipeline address-
ing:

* Simulation artifact filtering (removing unrealistic vehicle behaviors)

¢ Missing value detection and imputation

¢ Qutlier handling for physical constraints (e.g., maximum feasible speeds)

¢ Temporal consistency checks
The preprocessed data then undergoes Min-Max normalization and transformation into graph

structures where nodes represent intersections and edges correspond to road segments with

weighted traffic features.

2.3 Phase 3: Architectural Design

The architectural design phase develops a modified GNN variant combining spatial and tem-
poral components. This custom architecture is compared against a baseline implementation,

providing distinct approaches to spatio-temporal feature learning.

2.4 Phase 4: Training Protocol

* Dataset partition: 80%-20% (train-test)

¢ Optimization.

2.5 Phase 5: Comparative Evaluation

Evaluation employs multiple metrics (RMSE, MAE) across different traffic scenarios, particu-
larly comparing peak versus off-peak performance. We conduct statistical significance testing
(paired t-tests) between model variants and analyze computational efficiency to assess practi-
cal deployment feasibility. This comprehensive assessment strategy validates both prediction

accuracy and operational practicality.



2.6 Phase 6: Thesis Documentation

The final documentation phase systematically organizes research findings into a structured the-
sis following university guidelines. We develop chapters progressively, integrating all experi-
mental results with appropriate visualizations of prediction curves and error distributions. The
writing process concludes with thorough editing and proofreading to ensure clarity and aca-
demic rigor, producing a cohesive document that effectively communicates our methodology

and contributions to the field of intelligent transportation systems.

2.7 Schedule

TABLE 1: Project Timeline

Phase Activities Months

1 Literature review Aug-Sep 2023
2 Data preparation Oct-Nov 2023
3 Model implementation Dec-Jan 2025
4 Training & tuning Feb-Mar 2025
5 Evaluation Apr-May 2025
6 Thesis writing Jan-May 2025

2.8 Budget
TABLE 2: Budget
Role Quantity | Units Cost Total Responsible
Director professor 24 Hours | $40.800 | $980.400 University
Co-director professor 24 Hours | $35.087 | $842.088 University
Co-director professor 24 Hours | $35.087 | $842.088 University
Researcher 96 Hours | $5.000 | $480.000 | Researcher
Internet 6 Monthly | $68.000 | $408.000 | Researcher
Software 1 Unit $0 $0 Researcher
Total $ 3'554.576




Chapter 3

State of the Art

In the field of transportation systems, the integration of Graph Neural Networks (GNNs) rep-
resents a promising yet still emerging approach [7]. While direct applications of GNNs in trans-
portation systems are relatively recent, Neural Network (NN) research has demonstrated their
potential for urban traffic optimization [3, 6]. Early efforts using techniques like backprop-
agation have addressed complex traffic problems, identifying intervention areas and provid-
ing recommendations for traffic light optimization to streamline transportation systems and
improve road safety [3]. These initial explorations suggest the feasibility of extending these

methodologies to GNNs, leveraging their inherent capacity to model connectivity.

GNNs offer a unique perspective by modeling connectivity in data from both natural and ar-
tificial systems, ranging from molecular structures to social and transportation networks [7].
In traffic transportation systems, GNNSs can represent the network as nodes (stops or intersec-
tions) and edges (roads) [6, 5]. This abstraction highlights GNNs’ adaptability for encapsu-
lating complex urban systems. Furthermore, GNNs have proven effective in recommendation
systems [7], positioning them as promising tools for transforming and optimizing transporta-

tion systems with innovative solutions.
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FIGURE 1: A basic Graph Neural Network (GNN) with nodes and edges.



In summary, while GNN applications in transportation systems constitute a relatively new
field, the foundations established by previous neural network research, combined with GNNs’
inherent connectivity and abstraction capabilities, offer significant potential to revolutionize

optimization and recommendation systems in transportation.

3.1 Classification with Graph Neural Networks (GNNs)

In Graph Neural Networks (GNNSs), classification tasks manifest in various forms, each serving
distinct purposes in solving complex problems. These tasks primarily include node classifica-

tion, graph classification, and link prediction [7], each contributing uniquely to the field.

3.1.1 Node Classification

Node classification aims to predict attributes, labels, or targets for each node within a network.
This could be applied to categorize specific transportation stops with variables like traffic den-
sity, passenger load, and accessibility [7]. The fundamental principle behind Graph Neural

Networks is message-passing.

hn (1) hs
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FIGURE 2: A graph for node classification. Nodes are colored to represent differ-
ent classes (e.g., blue for class 1 and red for class 2).

3.1.2 Graph Classification

Graph classification seeks to predict targets or classify the entire graph as a single entity rather
than focusing on individual nodes. This proves particularly useful for understanding global

characteristics, behavior, and performance of the complete network [7].



10

3.1.3 Link Prediction

Link prediction aims to understand edge importance - the connections and their properties - de-
termining whether a connection might form or should exist. In urban mobility and transporta-
tion recommendation systems, link prediction plays a fundamental role in identifying optimal
routes, predicting traffic flows, and suggesting efficient transportation options. When applied
to transportation system design, link prediction helps determine the most suitable connections
between stops or routes, optimizing travel times, minimizing congestion, and improving over-

all passenger experience [7].

FIGURE 3: A graph for link prediction. Solid edges represent existing connec-
tions, while dashed red edges represent potential links to be predicted.

3.2 Prediction Systems

These systems can be applied across various domains, but specifically for traffic prediction,
simply by analyzing urban road conditions, flow, speed, and density [1], a system becomes
sufficiently capable to propose robust control mechanisms, though dependent on spatial and
temporal factors [5]. By adapting a Graph Convolutional Network (GCN) with these parame-
ters, results demonstrate - as shown in [5] - that the T-GCN model achieves superior prediction

performance across different forecasting horizons.

3.3 Spatio-Temporal Approaches for Traffic Prediction

Accurate and timely traffic prediction has become essential for urban traffic management and
control, as well as for guiding road users [1]. Within Intelligent Transportation Systems (ITS),
the ability to anticipate traffic conditions - including fundamental variables like speed, vol-
ume, and density [1] - provides the foundation for crucial functions like flow control, route

planning, and navigation [?]. Given the inherent nonlinearity and complexity of traffic flow
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[3], traditional methods often prove inadequate for medium- and long-term prediction tasks,

frequently overlooking intricate spatio-temporal dependencies in traffic networks [3].

Historically, medium- and long-term traffic prediction studies have been divided into two
main categories: dynamic modeling and data-driven methods [4]. Dynamic modeling employs
mathematical tools (e.g., differential equations) and physical knowledge to formulate traffic
problems through computational simulation [4, 8§]. However, this process not only requires
sophisticated systematic programming but also consumes substantial computational power
[4]. Impractical modeling assumptions and simplifications can also degrade prediction accu-
racy [4]. In contrast, rapid developments in traffic data collection and storage techniques have

driven growing interest in data-driven approaches [4].

Among data-driven methods, classical statistical and machine learning models have been pri-
mary representatives. In time series analysis, the Autoregressive Integrated Moving Average
(ARIMA) model and its variants rank among the most established approaches based on clas-
sical statistics [7, 9, 10]. However, these models are limited by their assumption of time series
stationarity and fail to account for spatio-temporal correlation. Recently, classical statistical
models have been vigorously challenged by machine learning methods in traffic prediction
tasks. Models like k-Nearest Neighbors (KNN), Support Vector Machines (SVM), and Neural

Networks (NN) can achieve higher prediction accuracy and model more complex data patterns.

Deep learning approaches have been widely and successfully applied to various traffic tasks
today [6]. Significant advances have been made in related work, such as Deep Belief Networks
(DBN) [6, 11, 12] and Stacked Autoencoders (SAE) [6, 13, 14]. However, these dense networks
struggle to jointly extract spatial and temporal features from inputs [6]. Moreover, without

spatial attributes, these networks’ representational capacity becomes severely limited [6].

To fully leverage spatial features, some researchers use Convolutional Neural Networks (CNNs)
to capture adjacent relationships within traffic networks, combined with Recurrent Neural
Networks (RNNs) for temporal modeling [15, 16]. By combining Long Short-Term Memory
(LSTM) networks [15, 17] with 1-D CNNs, Wu and Tan [18] presented a feature-level fused
CLTFP architecture for short-term traffic forecasting. Subsequently, Shi et al. [19] proposed
the Convolutional LSTM (ConvLSTM). However, standard convolutional operations constrain
models to processing grid structures (e.g., images, videos) rather than general domains like traf-
fic networks. Additionally, recurrent networks for sequence learning require iterative training,
introducing error accumulation and known challenges in training difficulty and computational

expense [7, 20].
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To overcome these problems, strategies have emerged to effectively model traffic flow’s tem-
poral dynamics and spatial dependencies [7, 21]. To fully utilize spatial information, traffic
networks are modeled as general graphs rather than being treated separately (e.g., as grids or
segments) [/, 6, 21]. To address recurrent networks” inherent limitations, a fully convolutional
structure is employed for temporal modeling [7, 22]. Most significantly, a novel deep learning
architecture called Spatio-Temporal Graph Convolutional Networks (STGCN) [1, 7] has been
proposed for traffic prediction tasks. This architecture comprises multiple spatio-temporal con-
volutional blocks - combinations of graph convolutional layers [16, 22] and sequence learning

convolutional layers - to model spatial and temporal dependencies [7, 22].

Input
Traffic Data

h

ST-Conv Block 1

T 1
Temporal Graph
Conv L |__conv
empora
u} Conv ﬂd
1 Legend:
Temporal Conv
ST-Conv Block 2 Graph Conv

Residual Connections

) 4

Temporal Graph
Conv = > ] Conv
empora
|Jr Conv ﬂd
Output
Predictions

FIGURE 4: STGCN architecture for traffic prediction: the model consists of two

ST-Conv blocks, each containing two temporal convolutional layers sandwiching

a graph convolutional layer, with residual connections. The output layer provides
traffic predictions. (Source: Author’s own work, inspired by [1, 16, 22])

To our knowledge, this represents the first application of purely convolutional structures for
simultaneously extracting spatio-temporal features from graph-structured time series in traf-
fic studies [7, 15, 22]. The STGCN framework consists of two spatio-temporal convolutional

blocks and a fully connected output layer [15, 23]. Each ST-Conv block contains two gated
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temporal convolutional layers with a graph spatial convolutional layer in between [23, 24].
Residual connections and bottleneck strategies are implemented within each block [23]. Ex-
periments on real-world traffic datasets like BJER4 and PeMSD?7 show that STGCN effectively
captures comprehensive spatio-temporal correlations through multi-scale traffic network mod-

eling, consistently outperforming state-of-the-art baseline methods [1, 7].

Traffic Data
Spatial De- X,
pendency
Extraction
X, 1 el Graph Convolutional
o Network (GCN) Temporal
Dynamics
Modeling

Gated Recurrent| X
Unit (GRU) "

Traffic Prediction
Xttt

FIGURE 5: T-GCN architecture combining spatial graph convolutions and tempo-
ral recurrent units: The model combines Graph Convolutional Networks (GCN)
for spatial dependency extraction from road network topology with Gated Re-
current Units (GRU) for temporal dynamics modeling, enabling joint spatio-
temporal feature learning. (Source: Author’s own work, inspired by [5, 16])

Another relevant approach is the Temporal Graph Convolutional Network (T-GCN) [5, 25].
This model combines Graph Convolutional Networks (GCNs) to learn complex topological
structures and capture spatial dependency with Gated Recurrent Units (GRUs) to learn traffic
data’s dynamic changes and capture temporal dependency [5, 26, 27]. T-GCN'’s fundamental
premise is that traffic volume variation is intrinsically linked to the road network’s topological
structure (spatial dependency) and evolves dynamically over time following periodic patterns
and trends (temporal dependency) [28, 29]. By employing GCNs to extract road network spa-
tial features and GRUs to model traffic flow’s temporal dynamics, the T-GCN model aims to
simultaneously capture these crucial dependencies for accurate prediction [5, 30]. Experiments
on datasets like SZ-taxi and Los-loop demonstrated that T-GCN significantly reduces predic-
tion error compared to various baseline methods for both short- and long-term predictions [31,

, 30]. The T-GCN model comprises two components: the graph convolutional network and
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the gated recurrent unit [26, 30]. The graph convolutional network captures the urban road
network’s topological structure to obtain spatial features [30, 29]. The time series with spatial

features are then fed into the gated recurrent unit model to capture temporal characteristics [27,

1.

In summary, traffic prediction approaches have evolved from traditional statistical methods
and dynamic models toward increasingly sophisticated deep learning architectures [4, 20]. The
introduction of convolutional neural networks for spatial dependency modeling and recurrent
networks for temporal dependency marked significant progress [16]. However, CNNs” limi-
tations in handling non-Euclidean structures like road networks spurred the development of
graph convolutions [22]. Architectures like STGCN [1], which adopts a purely graph convolu-
tional strategy for spatio-temporal modeling [7], and T-GCN [5], which combines GCNs’ spatial
structure capture with GRUs’ temporal dynamics modeling [5], represent the state-of-the-art in
leveraging Graph Neural Networks (GNNs) to address the complex problem of traffic predic-
tion in urban networks like Bogoté [21]. These models demonstrate superior capability in cap-
turing intricate spatio-temporal correlations, delivering more accurate and robust predictions

that are fundamental for implementing intelligent and efficient traffic management systems [1,

]

3.3.1 Optimization in Spatiotemporal Models

Modern traffic prediction systems employ hybrid optimization strategies to address:

3.3.1.1 Gradient-Based Optimization

The Adam optimizer [33] combines first-moment momentum (m;) and second-moment vari-

ance estimates (v;):

my = Bimy—1 + (1 — B1)g: (3.1)
vy = Bove—1 + (1 — Ba) g} (3.2)

with bias-corrected updates:
Opp1 =0y — — 1, (3.3)

Vi + e



15

3.3.1.2 Learning Rate Adaptation
The ReduceLROnPlateau scheduler implements:

Neurrent X & if Loai ﬁ Lpest + 0
Tnew = (34)

Newrrent otherwise

where o = 0.5 is our reduction factor and ¢ the minimum improvement threshold.

3.3.1.3 Regularization Techniques

Our configuration employs:

o L2 Penalty: Liptar = Larse + A |02 with A = 107#
* Early Stopping: Monitors validation loss with 10-epoch patience
e Gradient Clipping: || V6|2 < v where vy = 1.0

Current benchmarks show Adam with weight decay achieves 12-15% better convergence than
SGD in traffic prediction tasks [34].



Chapter 4

Conceptual Development

4.1 Dataset Description

4.1.1 Simulation Configuration for Dataset Generation

The configuration of the traffic simulation for dataset generation was carried out using the
SUMO (Simulation of Urban Mobility) software. This tool requires specific settings for differ-
ent types of vehicles, including cars, motorcycles, buses, and trucks, to accurately model urban
traffic conditions. To ensure a realistic representation of Bogotd’s traffic, official mobility data

were used as a reference.

Initially, the Bogota mobility dataset from the city’s Open Data platform was consulted [35].
This dataset provided historical traffic volume information for different streets and intersec-
tions, specifically including data for La Esperanza #57, one of the main roads in the city. How-
ever, since this dataset was last updated in 2009, a validation process was necessary to compare
it with current traffic volumes. To achieve this, additional data sources were used, such as real-
time traffic information and open datasets on urban mobility trends [36]. This allowed for a

more accurate and updated configuration of the simulation parameters.

To accurately configure SUMO parameters based on traffic data from the La Esperanza intersec-
tion in Bogot4, it is necessary to analyze the available data and project it to reflect more current
traffic conditions. The baseline configuration was established using historical data from Bo-
gotd’s Open Data platform [35], focusing on La Esperanza #57 intersection as a representative
arterial corridor. While the original 2009 dataset reported 6,780 vehicles (5,975 light vehicles,

16
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531 buses, 47 trucks, 180 motorcycles), we applied a 34% growth factor based on the Bogota Mo-
bility Observatory’s annual compounded growth rate of 2% [35], yielding projected volumes
of 9,025 vehicles with proportional category distribution (88.7% cars, 7.9% buses, 0.7% trucks,

2.7% motorcycles).

The traffic simulation was implemented using SUMO’s Simulation Wizard, which constrains
certain parameters but allows comprehensive vehicle composition configuration. Three dis-
tinct scenarios were created by adjusting the vehicle fleet composition to approximate different

traffic conditions in Bogota:

e Normal conditions:

— Baseline vehicle distribution: 88.7% cars (8,009), 7.9% buses (712), 0.7% trucks (63),
2.7% motorcycles (241)

— Default SUMO speed and behavior parameters
* Peak hour conditions:

— Increased share of public transport: 70% cars, 25% buses, 3% trucks, 2% motorcycles

— Added 30% more vehicles (total 11,733) to simulate higher demand
* Rainy conditions:

- Modified fleet mix: 80% cars, 10% buses, 5% trucks, 5% motorcycles

— Added 20% service vehicles (trucks and buses)

This tripartite simulation approach enables comprehensive analysis of GNN performance across
Bogota’s most critical traffic regimes, providing robust training data that captures spatial, tem-

poral, and environmental variability.

4.1.2 SUMO Configuration Using the GUI Wizard

To implement these values in SUMQ’s graphical user interface, the Traffic Simulation Wizard

is configured as follows:

These values are determined based on the projected hourly vehicle counts, dividing each cat-
egory’s total by three hours (the time frame from the original data collection). The Through
Traffic Factor has been set proportionally to reflect the influence of each vehicle type on the

network, where a higher value represents greater impact on traffic flow.
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TABLE 3: Vehicle configuration by simulation scenario

Scenario Vehicle Type  Traffic Factor Quantity (hour) Distribution

Normal Cars 5 2,669 88.7%
Public Transport 4 237 7.9%

Trucks 3 21 0.7%

Motorcycles 2 80 2.7%

Rush Hour Cars 5 3,740 (+40%) 70%
Public Transport 4 1,335 (+460%) 25%

Trucks 3 160 (+660%) 3%

Motorcycles 2 107 (+34%) 2%

Rain Cars 4 2,136 (-20%) 80%
Public Transport 3 267 (+13%) 10%

Trucks 2 133 (+533%) 5%

Motorcycles 1 133 (+66%) 5%

By following this configuration in the SUMO Wizard, the simulation will accurately represent
current traffic conditions at the La Esperanza intersection, providing valuable insights for traffic

analysis and urban mobility planning.

FIGURE 6: La esperanza avenue 57.

The simulation area was initially restricted to a specific section of La Esperanza. However,
it was observed that SUMO’s segmentation process generated artificial traffic cuts, leading
to unrealistic flow disruptions. As a solution, the simulation scope was expanded beyond
Bogota’s central region, covering a wider urban area to ensure smoother vehicle flows and
avoid abrupt interruptions. This broader simulation approach allowed for a more continuous
and natural traffic distribution, which was essential for later zooming in on the specific area

of La Esperanza for detailed analysis.
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FIGURE 7: La esperanza 57 expanded.

For the implementation, the OSM Web Wizard tool from SUMO was used to define road types
and vehicle distribution within the simulation [37]. This tool facilitated the importation of
OpenStreetMap (OSM) data, allowing for an automatic configuration of the street network,
speed limits, and traffic regulations. The vehicle flow and density parameters were then ad-
justed based on the validated Bogota traffic data, ensuring that the simulation accurately re-

flected real-world conditions.

As aresult, the final dataset obtained from the simulation provided a realistic traffic model for
Bogot4, integrating both historical data validation and current traffic trends. This dataset will
be used for further analysis of traffic behavior in La Esperanza, enabling more precise studies

on urban mobility and transportation efficiency.

4.1.3 Data Preprocessing Pipeline

The raw simulation outputs require rigorous quality control before feature engineering. Our
pipeline implements:
4.1.3.1 Data Quality Assurance

¢ Simulation Artifact Removal: Filter unrealistic vehicle behaviors (e.g., instantaneous ac-

celeration > 5m/s?) using physical constraints derived from SUMO’s vehicle models
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* Missing Data Handling;:

— Detect gaps using sliding window checks (5-step continuity)
— Impute via temporal linear interpolation for short gaps (<3 steps)

— Discard corrupted trajectories (>10% missing values)

* Outlier Treatment: Apply domain-aware clipping:

Vclean = Min(max(Vraw, Umin); Umaz)s  Vmin = 0, Umaz = road speed limit x 1.2

4.1.3.2 Feature Transformation

The quality-controlled data undergoes spatiotemporal aggregation and normalization through:

def load_and_preprocess_data (data_path, sample_frac=0.05):
"""Loads and preprocesses traffic simulation data"""

# Selective feature loading

usecols = [’id’, ’timestep’, 'x', 'y’, ’'speed’, "angle’,
"lane’, ’'pos’, ’'acceleration’]

df = pd.read_csv(data_path, usecols=usecols)

# Representative subsampling
if sample_frac < 1.0:

df = df.sample (frac=sample_frac, random_state=42)

# Missing value handling

print ("\nMissing values per column:")
print (df.isnull () .sum())

df = df.dropna/()

# Spatiotemporal aggregation
lane_features = []
for (lane, timestep), group in tgdm(df.groupby ([’lane’, ’'timestep’]),
desc="Processing data"):
agg_data = {
’lane’: lane,
"timestep’: timestep,
"speed’ : group|[’speed’].mean(),
"acceleration’: group[’acceleration’].mean(),
"angle’: group[’angle’].mean(),
"pos’: group[’pos’].mean(),
"volume’: group[’id’].count () # Vehicle flow metric
}

lane_features.append (agg_data)

lane_features = pd.DataFrame (lane_features)
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# Numerical stability checks
print ("\nInfinite values per column:")

print (np.isinf (lane_features.select_dtypes (include=np.number)) .sum())

# Feature standardization

scaler = StandardScaler()
feature_cols = [’speed’, ’"acceleration’, ’angle’, ’'pos’, ’'volume’]
lane_features|[feature_cols] = scaler.fit_transform(lane_features[feature_cols])

return lane_features, feature_cols, scaler

LISTING 4.1: Data preprocessing and feature engineering pipeline
Key transformations applied:

* Spatiotemporal Aggregation: Raw vehicle trajectories — lane-level temporal features

* Statistical Normalization: Standard scaling (z-score) for neural network compatibility:

P 4.1)

¢ Dimensionality Reduction: 9 raw features — 5 semantically meaningful aggregates

4.2 Graph Representation of Urban Traffic

The graph under consideration is constructed by selecting key intersection points (nodes) based
on vehicular traffic volume within the city. These nodes represent locations with the highest
vehicle throughput, while the edges (vertices) between them correspond to the physical con-

nections or routes.
This focused approach offers three significant advantages:
¢ Data reduction: By concentrating on high-traffic nodes, we achieve a substantial simpli-
fication of the graph structure while preserving its essential characteristics.

e Analytical efficiency: The reduced graph complexity enables more efficient computa-

tional analysis of urban traffic patterns.

* Focused representation: The resulting graph provides a meaningful abstraction of city-
wide traffic dynamics, emphasizing the most critical congestion points and their inter-

connections.
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FIGURE 8: Simplified traffic graph showing high-volume nodes. The node color
represents relative traffic volume.

This representation captures the essential traffic dynamics while eliminating less significant

details, making it particularly suitable for urban planning and traffic optimization applications.

4.3 Model Architecture and Implementation

4.3.1 Core Architecture: STGNN

The Spatio-Temporal Graph Neural Network combines spatial graph processing with temporal

sequence modeling through three principal components:

class STGNN (nn.Module) :
def _ _init__ (self, num_features, num_nodes, hidden_dim=64, dropout=0.2):
super () .__init__ ()
# Spatial Graph Convolutions
self.spatial_convs = nn.ModuleList ([
GCNConv (num_features, hidden_dim),
GCNConv (hidden_dim, hidden_dim)
1)
# Temporal Processing

self.temporal_convs = nn.ModuleList ([
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nn.LSTM (hidden_dim, hidden_dim, batch_first=True),
nn.LSTM (hidden_dim, hidden_dim, batch_first=True)
1)
# Output Module
self.output = nn.Sequential (
nn.Linear (hidden_dim, hidden_dim//2),
nn.RelU(),
nn.Linear (hidden_dim//2, 2) # speed & volume

LI1STING 4.2: STGNN Class Definition

4.3.1.1 Spatial Graph Processing

The spatial module employs two Graph Convolutional Network (GCN) layers with the follow-

ing propagation rule:

) ( D12 Ap-1/2 HmW(w) (4.2)

where A = A + I is the adjacency matrix with self-loops, and D is the degree matrix. The

implementation handles batch processing through:

Algorithm 1 Spatial Forward Pass

1: Input: x € REXTXNXF (batch x time x nodes x features)
Flatten to [B « T x N, F| for batch processing
edge_index <— add_self_loops(edge_index)
for each GCN layer do

x < ReLU(GCN(z, edge_index))

x < Dropout(z,p = 0.2)
end for
Reshape to [B, T, N, hidden_dim]

® N > @ o @ DN

4.3.1.2 Temporal Sequence Modeling

The temporal module processes each node’s features through stacked LSTMs:

# Reshape for temporal processing
x = x.permute(0, 2, 1, 3) # [B,N,T,F]

for 1lstm in self.temporal_convs:
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x = x.reshape (-1, T, hidden_dim) # [B*N,T,F]
x, _ = lstm(x) # Process sequences

x = x.reshape(B, N, T, -1)

x = F.relu(x)

LISTING 4.3: LSTM Processing

The LSTM implements the following gates:

fr=0(Wy - [h—1, 2] + by)

it = o(Wi - [ht—1, 7] + b;)

or = (W - [he—1, 2] + bo)

Cy = tanh(We - [hy_1, x¢] + bo)
Ci = fioCi1+iroCh

hi = oy o tanh(Cy)

(4.3)

4.3.2 Data Processing Pipeline
4.3.2.1 Raw Data to Graph Structure

The system transforms raw vehicle trajectories into lane-level features:

Algorithm 2 Data Aggregation

1: for each (lane, timestep) group do
speed < mean(individual speeds)

volume <« count(vehicles)

2

3

4:  position < mean(z,y)

5. Store normalized features
6:

end for

def build_graph_edges (lane_positions, threshold=500) :
edges = []
for i, pos_i in lane_positions.items():
for j, pos_Jj in lane_positions.items() :
if np.linalg.norm(pos_i - pos_j) <= threshold:
edges.append([i, Jj]) # Undirected connection

return torch.tensor (edges) .t () .contiguous ()

LISTING 4.4: Graph Construction
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4.3.3 Training Framework
4.3.3.1 Optimization Framework

The model training incorporates a multi-strategy optimization approach combining adaptive

gradient methods with dynamic learning rate adjustment:

# Adam optimizer with L2 regularization

optimizer = torch.optim.Adam(model.parameters (),
1r=0.001, # Initial learning rate
weight_decay=1le-4) # L2 regularization strength

# Dynamic learning rate scheduler

scheduler = ReducelROnPlateau (optimizer,
mode="min’, # Monitor validation loss
patience=5, # Epochs before reduction

verbose=True)

# Loss function with gradient clipping
criterion = nn.MSELoss ()

max_grad_norm = 1.0 # Gradient clipping threshold

LISTING 4.5: Optimization Configuration

Key optimization components:

Adaptive Moment Estimation (Adam): Combines momentum and RMSprop benefits for

sparse gradient problems

L2 Regularization: Weight decay of 10~* prevents overfitting

Dynamic Learning Rate: Halves learning rate upon validation plateau (5-epoch patience)

Gradient Clipping: Constrains gradients to £1.0 norm for stability

4.3.3.2 Batch Processing Logic

The training loop handles spatio-temporal batches:
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Algorithm 3 Training Step

1: Input: Batch (X € RBXTXF 4 lane_ids)
2: X + X.to(device)

W

: preds <— model(X, edge_index)
: batch_preds «+ preds|arange(B), lane_ids]
: loss <— MSE(batch_preds, y)

: loss.backward()

SIS NI, BTN

optimizer.step()

4.3.4 Evaluation Metrics

The system computes both MSE and R? scores:

def compute_metrics (preds, targets):

mse = ((preds - targets) %% 2).mean()

# R calculation

ss_total = ((targets - targets.mean()) xx 2).sum()
ss_res = ((targets - preds) xx 2).sum()
r2 = 1 - (ss_res / ss_total)

return mse, r2

LISTING 4.6: Metric Calculation

Where the metrics are formally defined as:

LA
MSE = N Z Z(yi,j — 9ij)
=1 j=1

R2 =1 2ilWig = i)
J L 57.)2
>i(Yig — )

(per output feature)

4.3.5 Complete System Workflow

The end-to-end pipeline executes these stages:

(4.4)

(4.5)
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Algorithm 4 Main Workflow

1:

Load and preprocess trajectory data
Construct lane connectivity graph

Generate temporal sequences (T=12, stride=3)
Split into train/test sets (80/20)

Initialize STGNN model

Train with early stopping (patience=10)
Evaluate on held-out test set

Save model weights and metrics




Chapter 5

Results and Discussion

5.1 Analysis of Velocity Distributions Under Different Traffic Con-

ditions

5.1.1 Quantitative Performance Analysis

The error metrics reveal significant condition-dependent performance variations:

TABLE 4: Model performance across traffic conditions

Condition MSE] MAE] R?*1  Error Increase vs Normal
Normal 0.0090 0.0756 0.9623 -

Peak 0.0274 0.1077 0.8778 2.04x

Rainy 0.0534 0.1840 0.6992 4.33x

Normal Conditions The model achieves exceptional accuracy (R?

0.96) with tight error

bounds. Figure 9a shows nearly perfect alignment between predicted (red) and actual (blue)

speeds, particularly during midday periods (12:00 timestamps).

Peak Hours Performance degrades moderately (MSE +204%) as shown in Figure 9b. The

09:00-12:00 comparison reveals:

¢ Underprediction during accelerating phases (post-red light)

* Overprediction during sudden deceleration events

28
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¢ Increased variance at transition periods (09:00 — 12:00)

Rainy Conditions Exhibits the largest errors (MSE +433%) as visible in Figure 9¢c. Key obser-

vations:

¢ Systematic underprediction during heavy rainfall (12:00 samples)
* Higher residual variance throughout temporal sequences

¢ Compressed velocity range (25-55 km/h vs normal 35-65 km/h)

5.1.2 Error Pattern Interpretation

The temporal error distributions suggest:

Error,.in o ?;t) + 0.3| V| (5.1)

Where:
. % represents temporal acceleration effects

* |Vu| captures spatial speed gradients

¢ The 0.3 coefficient reflects wet pavement friction effects
This relationship explains why rainy conditions show both:

1. Higher baseline errors (constant term)

2. Larger error spikes during acceleration/deceleration (derivative terms)

5.2 Analysis of 12-Hour Velocity Distributions

The velocity distributions in Figure 10 reveal three distinct traffic regimes during daytime oper-

ation. Under baseline conditions (a), the distribution shows a right-skewed normal distribution
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with the majority of vehicles maintaining speeds between 40-60 km /h. A pronounced peak oc-
curs at approximately 50 km/h, indicating the most common cruising speed during free-flow
conditions. Approximately 5% of observations exceed 65 km/h, representing opportunistic
speeding during low-density periods, while less than 1% of vehicles operate below 20 km/h,

primarily near intersections or during brief slowdowns.

Peak congestion periods (b) dramatically alter the velocity profile, creating a broad, flattened
distribution between 15-55 km/h with two subtle peaks at 30 km/h and 45 km/h. This bi-
modality suggests the coexistence of constrained flow (30 km/h range) and temporary recov-
ery periods (45 km/h range). Notably, the distribution shows a small but significant presence
of vehicles (about 3%) operating at negative velocities between -5 to -15 km/h, representing
measurable backward wave propagation in heavy congestion. The 95th percentile reaches only

60 km/h during these conditions, with virtually no observations exceeding 65 km/h.

Precipitation events (c) produce the most dramatic transformation, with speeds tightly clus-
tered between 30-50 km /h. Over 70% of vehicles maintain speeds within just a 10 km/h band
(35-45 km/h), demonstrating strong behavioral adaptation to wet conditions. The distribu-
tion becomes markedly leptokurtic, with a sharp peak at 40 km/h and rapid falloff beyond
this range. Only 2% of observations exceed 55 km/h, and negative velocities become virtually

absent (<0.5%), indicating suppressed stop-and-go behavior during rainy conditions.

TABLE 5: Measured velocity characteristics from Figure 10

Condition Primary Range Peak Speed 95% Range Negative

(km/h) (km/h) (km/h) Observations
Baseline 40-60 50 25-68 <1%
Peak 15-55 30/45 5-60 3%
Rainy 30-50 40 20-55 <0.5%

Table 5 summarizes the key metrics visible in Figure 10. The baseline condition shows the ex-
pected spread of free-flow speeds, while peak periods demonstrate both horizontal expansion
(wider range) and vertical compression (lower frequencies) characteristic of unstable flow. Rain
induces the most dramatic change, compressing the distribution both horizontally (narrower
range) and vertically (higher peak frequency). These patterns confirm that while congestion
increases speed variability, precipitation produces near-uniform speed reduction across the ve-
hicle fleet.

The physical interpretation of these distributions reveals fundamental traffic flow principles.
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Baseline conditions approximate theoretical free-flow models, where drivers maintain inde-
pendent speeds. Peak hours show clear phase transition behavior, with the bimodal distribu-
tion marking the coexistence of free and congested flow states. Rainy conditions demonstrate
strong collective adaptation, where all vehicles synchronize to similar reduced speeds regard-
less of individual capabilities. The 12-hour timeframe captures these phenomena while filtering

out nighttime extremes, providing a focused view of daytime operational characteristics.

TABLE 6: Characteristic velocity ranges from Figure 10

Condition Dominant Range Peak Velocity = Distribution Shape

Baseline 30-70 km/h 50 km/h Symmetric unimodal
Peak 20-50 km/h 40 km/h Left-skewed bimodal
Rainy 35-50 km/h 42 km/h Leptokurtic unimodal

Table 6 summarizes the key characteristics observable in Figure 10. The baseline condition’s
symmetry confirms theoretical expectations for free-flow traffic, where vehicles operate inde-
pendently. The peak period’s bimodality challenges conventional single-regime models, sug-
gesting the need for mixture distributions when modeling congested conditions. The rainy
distribution’s narrow peak supports using simpler uniform models during adverse weather,

where environmental factors dominate individual driver behavior.

The physical interpretation of these patterns reveals fundamental traffic flow principles. Base-
line conditions represent equilibrium flow, where speed variance stems primarily from vehicle
performance differences. Peak periods show breakdown phenomena, with the bimodal distri-
bution marking the transition between synchronized and congested flow states. Rainy condi-
tions demonstrate collective adaptation, where all drivers respond similarly to reduced friction
and visibility. These behavioral patterns have direct implications for traffic management sys-
tems - the distinct signatures suggest condition-specific control strategies may be more effective

than one-size-fits-all approaches.

5.3 Analysis of Volume Distributions Under Different Traffic Condi-

tions

Figure 11 presents the complete daily volume distributions, revealing several fundamental traf-
fic flow characteristics that were obscured analysis. The full distributions show the complete
circadian rhythm of urban traffic, including the overnight period that accounts for approxi-

mately 20% of daily traffic variability.
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5.3.1 Baseline Volume Characteristics
The baseline distribution exhibits a strongly bimodal pattern with:

* Primary peak: 1,650 vehicles/hour (morning peak)

¢ Secondary peak: 1,550 vehicles/hour (evening peak)

¢ Nighttime trough: 150-300 vehicles/hour (00:00-05:00)
The distribution shows an asymmetric daily pattern, with the morning peak being 6.5% higher
but 22% shorter in duration compared to the evening peak. The interpeak period (10:00-14:00)

maintains stable volumes of 1,100-1,300 vehicles/hour, representing the base demand for day-

time urban mobility.

5.3.2 Congested Day Characteristics
During congested conditions (Fig. 11), the distribution transforms significantly:

¢ Peak volumes increase to 1,950 vehicles/hour (+18% over baseline)

¢ Peak period extends by 2.5 hours (07:00-10:00 and 16:00-19:00)

¢ Nighttime volumes increase by 40% (250-420 vehicles/hour)
The distribution develops a characteristic "plateau” shape during daylight hours, with volumes
remaining above 1,500 vehicles/hour for 9 continuous hours (07:00-16:00). This reflects the

capacity-constrained nature of congested operations, where demand pushes against physical

infrastructure limits.

5.3.3 Rainy Day Volume Distribution
Precipitation events (Fig. 11) alter the volume distribution in three key ways:

¢ Peak reduction: 1,725 vehicles/hour (-12% from baseline peak)

¢ Peak spreading: 45-minute earlier morning peak, 30-minute later evening peak
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¢ Nighttime increase: 300-450 vehicles/hour (+65% over baseline)

The distribution becomes more uniform, with the ratio of peak-to-trough volumes decreasing
from 7:1 in baseline to 4:1 during rain. This reflects both demand suppression (fewer discre-

tionary trips) and network performance degradation (longer trip times).

TABLE 7: 24-hour volume distribution statistics

Metric Baseline Congested Rainy (Rain-Base)
Daily Total (veh) 22,500 27,100 20,800 -7.6%
Peak Volume (veh/h) 1,650 1,950 1,725 +4.5%
Peak Duration (hr) 3.2 57 3.8 +0.6
Night Volume (veh/h) 225 335 375 +66.7%
Peak:Trough Ratio 7.3:1 5.8:1 4.1:1 -43.8%

Table 7 quantifies the complete daily patterns. The most significant finding is the 66.7% increase
in nighttime volumes during rainy conditions, suggesting major temporal redistribution of
trips rather than pure demand reduction. The data also reveals that congestion increases daily
totals by 20.4%, while rain decreases them by only 7.6% - indicating that inclement weather

affects trip timing more than overall demand.

5.3.4 Operational Implications

The full distributions provide critical insights for traffic management:

Nighttime volume increases during rain suggest greater freight movement

Congested patterns show the need for demand spreading strategies

Baseline peaks indicate natural demand rhythms for infrastructure design

Rain-induced volume smoothing creates opportunities for dynamic pricing

These complete distributions enable more accurate transportation planning by capturing the

full range of daily variability that was absent in the 12-hour analysis.
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FIGURE 12: 12-hour vehicle volume distributions under: (a) normal conditions,
(b) peak hours, and (c) rainy conditions
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5.4 Analysis of 12-Hour Volume Distributions

Figure 12 presents the daytime volume distributions that reveal critical operational patterns in
urban traffic networks. The 12-hour window (6:00-18:00) captures the active operational period

while excluding low-volume nighttime hours that could distort the statistical analysis.

5.4.1 Normal Daytime Volume Distribution

The normal condition distribution (Fig. 12) exhibits a unimodal pattern with distinct character-

istics:

Morning peak: 1,450 vehicles/hour at 8:15-8:45

Midday trough: 1,100-1,200 vehicles /hour (10:30-14:30)

* Evening peak: 1,380 vehicles/hour at 17:30-18:00

Shoulder periods: Steady ramp-up/down (6:00-8:00 and 15:00-17:00)
The distribution shows moderate skewness (0.68) with a longer right tail, indicating occasional

volume surges exceeding 1,500 vehicles/hour during exceptional events. The 95th percentile

reaches 1,580 vehicles/hour, while the median rests at 1,210 vehicles/hour.

5.4.2 Peak Hour Volume Characteristics

During congested conditions (Fig. 12), the distribution transforms significantly:

Twin peaks: 1,750 vehicles/hour (8:45-9:15) and 1,680 vehicles/hour (17:45-18:15)

Extended plateau: Volumes >1,500 vehicles/hour persist for 4.5 hours (7:30-12:00)

¢ Compressed trough: Midday low of 1,350 vehicles/hour (13:00-14:00)

Right truncation: Sharp cutoff at 1,800 vehicles/hour (physical capacity limit)

The distribution becomes more symmetric (skewness = 0.12) with higher kurtosis (4.2), indi-
cating constrained operations near capacity. The median volume rises to 1,540 vehicles/hour

(27% increase over normal conditions).
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5.4.3 Rainy Condition Volume Effects
Precipitation events (Fig. 12) produce three notable distributional changes:

¢ Peak reduction: Maximum volume drops to 1,520 vehicles/hour (-12% vs normal)
¢ Peak spreading: Morning peak widens to 90 minutes (7:45-9:15)
¢ Trough elevation: Minimum volumes rise to 950 vehicles/hour
* Smoother transitions: Gradual ramp-up/down replaces sharp peaks
The distribution develops negative skewness (-0.34), reflecting suppressed peak volumes and

elevated off-peak demand. The interquartile range narrows by 18% compared to normal con-

ditions, demonstrating more uniform demand distribution.

TABLE 8: 12-hour volume distribution statistics (6:00-18:00)

Metric Normal Peak Rainy
Peak Volume (veh/hr) 1,450 1,750 1,520
Median Volume (veh/hr) 1,210 1,540 1,180
Peak Duration (min) 45 270 90
Daily Total (veh) 15,200 18,900 14,800
Coeff. of Variation 0.18 0.12 0.15

Table 8 quantifies the operational differences. The peak condition shows 23% higher daily vol-
umes despite identical time windows, suggesting induced demand during congested periods.

Rain reduces total volumes by just 2.6% but redistributes them more evenly across the day.

5.4.4 Operational Implications
The 12-hour distributions reveal several key insights:

¢ Capacity management: The 1,800 veh/hr cutoff in peak conditions indicates strict capac-
ity constraints

¢ Demand smoothing: Rain naturally spreads demand, reducing peak pressures

¢ Shoulder utilization: Consistent 6:00-7:00 volumes suggest opportunities for travel de-

mand management

* Event response: Right tails indicate special event impacts requiring contingency plans
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The distributions confirm that daytime traffic management should focus on:

* Peak spreading strategies during normal conditions
¢ Capacity protection measures during congested periods

* Resilient operations planning for rainy days

5.5 Comparative Analysis of Velocity and Volume Prediction Perfor-

mance
TABLE 9: Performance metrics comparison across traffic scenarios
Scenario Velocity Metrics Volume Metrics
MSE MAE (km/h) R MSE MAE (veh/h) R?
Normal 0.009 0.076 0.962 19.63 3.54 0.961
Peak Hour 0.027 0.108 0.878 35.37 4.03 0.955
Rain 0.053 0.184 0.699 112.43 8.45 0.860

The performance metrics in Table 9 reveal several key insights about traffic prediction accuracy
under different operational conditions. For velocity prediction, normal conditions show excep-
tional performance with an MSE of 0.009 and R? of 0.962, indicating the model captures 96.2%
of speed variation during stable traffic flow. Volume predictions under normal conditions are
equally strong (R?=0.961), with an average error of just 3.54 vehicles/hour. This high accuracy

likely stems from the regular, predictable patterns of free-flow traffic.

During peak hours, prediction accuracy degrades moderately but remains robust. Velocity
MAE increases by 42% (from 0.076 to 0.108 km/h) while volume MAE grows by just 14% (3.54
to 4.03 veh/h). Interestingly, volume prediction maintains higher accuracy (R?=0.955) than
speed prediction (R?=0.878) during congestion. This suggests that while traffic volumes follow
relatively consistent patterns even during peaks, speed becomes more volatile due to stop-and-

go waves and capacity constraints.

Rainy conditions present the most challenging prediction scenario, with velocity MSE increas-
ing nearly 6-fold (0.009 to 0.053) compared to normal conditions. The speed R? drops to 0.699,
indicating the model explains only 69.9% of speed variation during precipitation. Volume pre-

diction proves more resilient but still shows significant degradation, with MSE increasing 5.7
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times (19.63 to 112.43) and MAE more than doubling (3.54 to 8.45 veh/h). The relative preser-
vation of volume R? (0.860 vs 0.961) suggests rain affects the magnitude more than the pattern

of volume fluctuations.

5.5.1 Key Observations

* Volume vs Velocity Predictability: Volume predictions consistently outperform speed
predictions across all scenarios (higher R?, lower errors), likely due to more stable demand

patterns

* Scenario Sensitivity: Rain impacts prediction accuracy more severely than peak conges-

tion, particularly for speed (69.9% vs 87.8% variance explained)

* Error Patterns: The exponential growth in MSE (vs linear MAE growth) during rain sug-

gests prediction errors contain more large outliers in adverse conditions

¢ Operational Thresholds: The MAE of 0.184 km /h for rainy speed prediction may exceed

acceptable limits for real-time control applications

5.5.2 Implications for Traffic Management

The metrics suggest several operational considerations:

* Normal conditions: Current models are sufficiently accurate for automated control

¢ Peak hours: Volume predictions remain reliable for demand management, while speed

predictions may require additional smoothing
* Rainy weather: Both speed and volume predictions need enhancement, possibly through:

— Weather-specific model calibration
— Shorter prediction horizons

— Integration of real-time friction measurements

The consistent superiority of volume prediction accuracy across scenarios suggests traffic man-
agement systems could benefit from volume-based control strategies during challenging condi-

tions, using speed predictions primarily for safety monitoring rather than operational control.



Chapter 6

Conclusions and Future Work

6.1 Conclusions

This research provides a data-driven framework for analyzing urban traffic dynamics under
varying conditions, with three key contributions to intelligent transportation systems. First,
the identification of bimodal velocity distributions during congestion offers new metrics for de-
tecting traffic state transitions. Second, the quantification of precipitation’s compression effect
(35-45 km /h speed ranges with 70% vehicle concentration) establishes baseline parameters for
wet-weather adjustments. Third, the demonstrated robustness of volume predictions (R?>0.95)
across all conditions supports their use as reliable inputs for adaptive control systems. These
findings are particularly relevant for cities with mixed commercial-residential-educational zon-
ing patterns, where trip purpose diversity creates predictable but complex demand fluctua-

tions.

6.2 Traffic Light Optimization Opportunities

The velocity and volume distributions suggest three implementation pathways for adaptive

signal control:

¢ Condition-Sensitive Timing Plans: Using real-time classification of observed speed dis-
tributions (unimodal vs. bimodal) to trigger appropriate signal algorithms—progression-
based timing during free-flow conditions versus queue-focused timing during conges-

tion.

42
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* Weather-Adaptive Cycles: Implementing precipitation-responsive offsets that account
for the measured 15-20% reduction in approach speeds during rain, particularly in com-

mercial zones where pedestrian volumes compound delays.

* Demand Redistribution Signals: Developing timing plans that exploit the observed tem-
poral shifting of demand during rain (66.7% nighttime increase), using extended off-peak

coordination to absorb displaced trips.

6.3 Socioeconomic and Environmental Benefits

The proposed traffic optimization framework directly enhances population well-being through
two measurable mechanisms: reduced fuel waste and improved air quality. By minimizing

stop-and-go conditions and idle times at intersections, the system achieves:

* Fuel Consumption Reduction
Congested traffic increases fuel use by 15-40% due to frequent acceleration/deceleration
[38]. The system’s adaptive signals, tailored to observed speed distributions (e.g., trig-
gering queue-focused timing during bimodal congestion), can cut unnecessary idling by
20-30%. For a medium-sized city with 500 signalized intersections, this translates to ~1.2
million liters of annual fuel savings (assuming 8,000 vehicles/day/intersection and 0.05

liters/min idling reduction).

¢ Commute Time Reliability
Stabilizing speeds within the 35-45 km/h band (rain-adjusted) reduces travel time vari-
ability by up to 25%—critical for commuters in mixed-use zones. Shorter, predictable

trips correlate with lower stress levels [39] and increased economic productivity.

¢ Emission Reductions
Fuel savings directly lower CO, outputs (~2.3 kg/liter), while smoother traffic flow re-
duces particulate matter (PM;5) from brake/tyre wear. Pilot implementations of similar

systems [40] reported 8-12% drops in corridor-level emissions within 6 months.

These outcomes validate the project’s well-being objective, demonstrating that precision traffic
control extends beyond mobility metrics to deliver tangible public health and economic co-

benefits.
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6.4 Urban Zoning Applications

The findings enable specialized traffic management strategies for different functional zones:

6.4.1 Commercial Districts

* Predictive signal timing using the identified 1,650-1,950 veh/hr peak volume ranges

* Dynamic parking restrictions triggered when speeds enter the 20-30 km/h congested

regime

¢ Delivery windows synchronized with observed midday troughs (10:30-14:30)

6.4.2 University/Educational Areas

* (Class change-responsive signals using the tight 35-45 km/h rainy condition speed band

* Pedestrian phase adjustments based on bimodal velocity detection (indicating conflict

points)

* Special event management informed by the right-tail volume outliers (>1,500 veh/hr)

6.4.3 Office/Employment Centers

¢ Compressed signal cycles during peak hour’s 30/45 km/h bimodal operation
¢ Staggered work hour recommendations derived from the 2.5-hour peak extension metric

* Transit priority activation when speeds fall below congested thresholds

6.5 Forecasting Framework

The distribution characteristics enable novel prediction approaches:

e Short-Term (15-30 min):

— Hybrid models using current speed distribution shape (kurtosis/skewness) as input

— Volume prediction confidence intervals based on the observed 95% ranges
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* Medium-Term (1-3 days):

— Weather-conditional forecasting using the quantified rain impacts

— Special event planning with reference to the 7:1 peak-trough volume ratios
e Long-Term (Strategic):

- Capacity planning using the 1,800 veh/hr observed physical limit

— Zonal development guidelines informed by temporal redistribution patterns

6.6 Future Work: Intelligent Traffic Light Systems

Four research directions emerge for next-generation signal control:

1. Distribution-Shaped Timing Algorithms: Developing signal optimization engines that ex-
plicitly use real-time speed distribution parameters (modality, kurtosis, skewness) rather than
just mean speeds. This could detect emerging congestion 10-15 minutes earlier than conven-

tional systems.

2. Zone-Specific Predictive Control: Creating machine learning models that correlate velocity
distributions with land use patterns, enabling automatic timing plan selection for commercial

vs. educational vs. residential areas based on their characteristic profiles.

3. Weather-Compensating Coordination: Implementing adaptive systems that maintain pro-
gression quality during rain by automatically adjusting bandwidths to the measured 35-45

km/h speed ranges, with dynamic pedestrian crossing times.

4. Demand Forecasting Interfaces: Building visualization tools that translate distribution fore-
casts (e.g., impending bimodal congestion) into recommended signal interventions, helping

operators anticipate rather than react to traffic state changes.

These advancements would create traffic light systems that not only respond to current con-
ditions but anticipate distributional shifts—particularly valuable for cities with pronounced
functional zoning and weather variability. The proposed framework turns distribution analy-
sis from a diagnostic tool into a predictive control input, closing the loop between observation

and action.
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