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Abstract

Rapid urban population growth has intensified traffic congestion in smart cities. This has
resulted in longer travel times, higher fuel consumption, increased environmental pollu-
tion, greater operational costs, and slower emergency response services. Existing traffic
congestion prediction models primarily rely on traffic-flow and temporal features; the
effects of road accidents and peak-hour conditions are not adequately addressed. This
limitation is particularly significant in smart cities where both recurrent congestion
(peak-hour demand) and non-recurrent congestion (road accidents) influence traffic
conditions they have a significant impact on the performance of the road network. This
study introduces a novel Historical Accident-Aware Peak-Hour GAN-GRU (APG-GRU)
framework. The proposed framework employs a data processing pipeline integrating
traffic data with historical accident-related features to predict traffic congestion using
these features. Extensive experiments are conducted on a novel integrated dataset con-
sist on Automatic Number Plate Recognition (ANPR) traffic data and ANPR traffic ob-
servations with historical accident features. The results demonstrate that the APG-GRU
framework achieved superior performance on the integrated features dataset, attaining
an accuracy of 97.50%, a congested precision of 91.86%, a congested recall of 97.31%, and
a congested F1-score of 94.51%, outperforming both the ANPR traffic-only dataset and all
baseline models. The APG-GRU framework significantly outperforms a suite of bench-
mark models, including XGBoost, Long Short-Term Memory (LSTM), and Random For-
est as baselines, which achieved accuracies between 84% and 95.5% with correspond-
ingly lower precision, recall, and Fl-scores. External validation using a traffic dataset
collected from Lahore, Pakistan, further demonstrated the robustness and generalizabil-
ity of the proposed APG-GRU framework. A web-based interface developed for the
APG-GRU framework to visualize accident hotspots and route-level traffic conditions.
Routes with smooth traffic flow are highlighted in green, whereas congested routes are
highlighted in red, demonstrating the practical applicability of the proposed framework
for smart city traffic management systems.

Keywords: traffic congestion prediction; road accidents; peak hours; fuzzy logic; ANPR
sensors; GRU; Intelligent Transportation Systems
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1. Introduction

One of the most apparent issues in urban transport is traffic congestion [1,2]. This
leads to reduced road network efficiency, increased travel time, higher fuel consumption,
and delays affecting public transport, private vehicles, logistics operations, and emer-
gency services [3]. Congestion is created by recurring and non-recurring conditions that
exist in many urban places developing today [4,5]. Typically, recurring congestion occurs
at known and consistent peak-hour times, like in the morning or evening. Non-recurring
congestion is when traffic congestion occurs due to unforeseen events like road accidents
[6], vehicle breakdowns, road work, unusual weather, protests, or traffic enforcement
efforts [7]. Such events disrupt the normal flow, and a prediction model trained to learn
the regular traffic patterns may be blind to such events.

Road accidents are particularly significant for having an impact on both the safety of
traffic and traffic flow [8,9]. Road traffic deaths still pose a major problem in global road
safety, with 1.19 million deaths per year, as reported in the “Global status report on road
safety 2023” (World Health Organization, 2023) [10]. When an accident happens, it can
close one or more lanes, limit roadway capacity, cause bottlenecks, generate secondary
conflicts, and prolong travel times for adjacent lanes [11]. According to [12] the type of
accident, the number of vehicles involved, and the time of the accident have an impact on
traffic accident-related congestion, suggesting that the context of the traffic accident
should be taken into consideration when predicting traffic. Similarly, [8] highlighted the
importance of the propagation of congestion across road networks, wherein the states of
traffic are influenced by dynamic spatiotemporal relationships [13].

The smart city system is an important opportunity to build data-driven traffic pre-
diction as it is equipped with traffic surveillance and vehicle management infrastructure
while having ANPR capability [14]. According to the official “Safe City” page of Islam-
abad, the infrastructure has cameras as part of the Intelligent Video Surveillance and
Vehicle Management System (VMS) with ANPR facilities and is helpful for traffic regu-
lation in the city [15]. The infrastructure produces a massive amount of spatiotemporal
data suitable for intelligent transportation analysis. But raw ANPR data cannot always be
used to accurately identify congestion, as congestion is not purely driven by the number
of vehicles on the road. The traffic state may also change due to peak hours, recent acci-
dents, traffic violations, and accident proximity.

The proposed APG-GRU framework takes ANPR features, peak-hour features,
fuzzy logic-based congestion labels, accident-aware features, Generative Adversarial
Network (GAN)-based balancing, and Gated Recurrent Unit (GRU)-based temporal
classification. It also serves as a comparative model family for Random Forest, LSTM,
XGBoost, and GRU. The key research hypothesis is that contributing a traffic congestion
prediction framework with recurring factors like hour of day and/or peak-hour status
along with non-recurring accident indicators increases the accuracy of the model’s pre-
diction. Four scenarios representing different features are therefore compared to perceive
whether the use of accident features, fuzzy logic-based labeling or data balanced using
GAN improves the accuracy, congested precision, congested recall, and congested
F1-score of the prediction. The most important class is the congested class as the aim of an
intelligent traffic management system is to detect and respond to congestion before it
turns into a severe condition.

Research Contributions

The proposed APG-GRU framework advances our earlier work by moving the focus
from weather-aware traffic congestion prediction toward historical accident-aware and
peak-hour-based congestion prediction. While the previous F-GGRU framework mainly
considered traffic, weather, and temporal features, the present study integrates smart city
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ANPR traffic observations with historical accident dataset features. This integration al-
lows the framework to capture regular congestion patterns caused by peak-hour traffic
demand as well as non-recurring congestion patterns associated with accident-related
disturbances. Another important contribution of this work is the development of a
web-based dashboard for the APG-GRU framework. The dashboard provides visual
support for identifying accident hotspots and showing the selected route status as
Smooth or Congested based on historical traffic and accident data. These additions dis-
tinguish the proposed APG-GRU framework from the previous F-GGRU framework and
related traffic prediction studies by combining accident-aware feature integration, con-
gestion prediction, and practical dashboard-based visualization within a single frame-
work.

2. Related Work
2.1. Traffic Congestion Prediction in Smart Cities

The prediction of traffic congestion is a field of research that has received a great
deal of attention in Intelligent Transportation Systems (ITS) as real-time traffic estimates
are useful in routing, signal control, resource planning, emergency response, and urban
policy. Previous techniques involved statistical models and classical machine learning,
and due to the sequential and spatial nature of traffic data, deep learning (DL) has be-
come more popular in recent years. In a research study, [7] suggested a probabilistic
congestion modeling using a Bayesian network approach and demonstrated that uncer-
tainty-based approaches can be adopted to model congestion as a probability as opposed
to a fixed class. This is relevant because congestion is a function of combinations of speed,
flow, density, time, and other contextual features.

Deep learning models are widely used in traffic prediction due to their ability to
capture nonlinear and temporal patterns. In a research study, [16] suggested a hybrid
feature space for smart city traffic prediction and found that road network features,
weather, holidays, and peak hours are among the reasons for congestion of arterial roads;
however, they do not address the issues relevant to accidental data. Their work also helps
in the use of smart city traffic prediction using GRU and LSTM-based models that are
able to learn temporal dependencies in the heterogeneous urban data. In recent years,
[17] introduced an F-GGRU framework which integrates Safe City traffic data, Open
Weather data, peak-hour indicators, fuzzy labeling, GAN balancing, and GRU modeling
for weather-aware congestion prediction. The present article builds on this trend and
puts the focus on road accidents and peak-hour effects in the proposed framework.

2.2. Road Accidents and Non-Recurring Congestion

One of the most important limitations of various traffic congestion models is poor
representation of non-recurring events. Congestion caused by an accident is not the same
as congestion caused by a routine occurrence, as it can suddenly occur, causing conges-
tion not only during the usual peak hours but also at other times of day or night. The
traffic accidents that occur in cities are also important factors contributing to congestion
in the urban road network, which is analyzed and presented in terms of accident type
[12]. Accident vehicles and the time of occurrence are important factors affecting traffic
accidents. This implies that accident data should be seen as context, as a predictor and
not as post-event descriptive data.

A recent study also benefited from congestion modeling that is aware of accidents.
The study [11] suggested a Bayesian Network for the analysis and prediction of conges-
tion using accident data, and also proposed labeling strategies for congestion based on
accident data. Their study presented that it is possible to model the causal effect of road
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accidents and congestion with accident data. Similarly, ref. [8] demonstrated the propa-
gation of congestion using a dynamic Bayesian graph convolutional learning approach,
which implies that accidents might also impact links and time windows around the in-
cident location.

2.3. Fuzzy Logic for Congestion Labeling

Congestion is not always a well-defined state. Two vehicle speeds, 19 km/h and 21
km/h, can be very similar driving conditions, but be marked as different with the hard
threshold [18,19]. Fuzzy logic is used to deal with this ambiguity by assigning member-
ship degrees to linguistic categories like low, medium, and high speed. The study [19]
proposed a two-stage fuzzy traffic congestion detector with actual motorway data and
claimed that fuzzy methods are advantageous as drivers also understand the traffic con-
dition qualitatively and not through crisp thresholds. The new idea introduced in the
proposed framework is to use fuzzy labeling to create the congestion labels, which will be
more flexible than only one fixed threshold.

2.4. GAN-Based Class Balancing

Traffic congestion datasets are typically imbalanced, meaning that the number of
observations of non-congested traffic will be more common than congested traffic [20—-
22]. A small size of the minority class can lead to a high accuracy of a classifier for the
majority class but low accuracy for the congestion class. To improve learning under rare
or imbalanced conditions, GAN-based data generation has been used in traffic and mo-
bility studies to generate realistic samples. The research study [23] applied a GAN-based
method for online traffic-flow prediction with multi-source data, and ref. [24] proposed
the Traffic GAN for network-scale traffic generation. Based on these studies, it can be
concluded that generative models can be used as a data augmentation tool and also as a
scene representation tool in the traffic system.

2.5. Machine Learning and Deep Learning Models for Comparative Evaluation

This article positions two machine learning models and two DL models in the
comparative framework. Random Forest and XGBoost are chosen as machine learning
baselines due to their proven effectiveness in handling nonlinear relationships between
traffic features and also being robust tabular data models. LSTM and GRU are chosen as
deep learning baselines due to their ability to process sequential data and their variants
of recurrent neural network architecture. The reason for choosing GRU as the proposed
model for the APG-GRU framework is that it is generally used with fewer parameters
than LSTM in learning temporal dependencies, which is suitable for practical applica-
tions when it comes to the traffic prediction system, where a fast execution of the
APG-GRU framework is required.

3. Dataset Construction and Feature Selection

The traffic and accident information used in this study are collected from two urban
traffic environments to evaluate both the effectiveness and generalizability of the pro-
posed APG-GRU framework. The primary experimental vehicular traffic and historical
accident datasets are obtained from the Safe City Islamabad, Pakistan, surveillance sys-
tem. The study area consists of selected major corridors, road segments, and urban sec-
tors monitored through ANPR cameras. The APG-GRU framework uses synchronized
vehicle traffic observations and historical accident records collected during March 2025
for the primary experimental evaluation. Although the available ANPR traffic dataset
spans the period from January 2024 to December 2025, historical accident data recording
began in March 2025. Since the proposed framework requires synchronized traffic and
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accident information, March 2025 is selected because it provides the required temporal
overlap between ANPR traffic observations and accident records. This enabled the con-
struction of an integrated accident-aware dataset in which traffic-flow, temporal,
peak-hour, and accident-related features are aligned using date, time, camera location,
geographic sector, and police-station information. The ANPR traffic data are collected
from 25 monitoring cameras across Islamabad. A total of 869 accident records are initially
retrieved from Safe City Islamabad, and after preprocessing, validation, duplicate re-
moval, and incomplete-record filtering, 820 valid accident records are retained. The final
cleaned and integrated Islamabad dataset contains 52,000 traffic observations incorpo-
rating traffic-flow features, speed-related features, peak-hour indicators, accident-related
variables, fuzzy congestion features, GAN-enhanced features, and congestion labels.

To further evaluate the generalizability of the proposed framework beyond a single
city, an additional external validation is conducted using a Lahore city, Pakistan, traffic
dataset representing a different metropolitan traffic environment. The external dataset
consists of 55,000 traffic observations collected from 30 ANPR monitoring cameras dis-
tributed across 20 geographic sectors during September 2025. The dataset includes the
same traffic-flow, temporal, peak-hour, historical accident, accident propagation, fuzzy
congestion, GAN-enhanced, and congestion-label features used in the Islamabad ex-
periments to ensure a consistent evaluation protocol. The proposed APG-GRU frame-
work and the baseline models have been tested on the Lahore dataset with the same four
experimental scenarios and the experimental methodology remains unchanged. This
further validation enables assessment of the framework’s robustness across different
urban traffic environments and demonstrates that the proposed accident-aware conges-
tion prediction framework can be adapted to cities with comparable ANPR-based traffic
monitoring systems and historical accident information.

The features used in both datasets are presented in Table 1. The integrated datasets
support four experimental scenarios designed to evaluate the individual and combined
effects of fuzzy logic-based congestion labeling, historical accident integration, accident
propagation modeling, and GAN-based class balancing. Traffic-flow and speed-related
features characterize recurring congestion patterns, while accident-related and accident
propagation features capture the influence of non-recurring traffic disruptions.
Peak-hour indicators further represent temporal variations in traffic demand, enabling a
comprehensive evaluation of the proposed APG-GRU framework under diverse traffic
conditions.

Table 1. ANPR traffic and historical accident dataset features.

S.No. ANPR Traffic_Feature Data_Type S.No. Accidental Feature Data_Type

1 ID int64 1 Reporting Time object
2 Date_Time object 2 Crash Time object
3 Date object 3  Case Nature object
4 Camera_ID int64 4  Levell object
5 Camera_Ip Int64 5  Total Persons float64
6 District object 6 Location object
7 Reg No object 7  Case Description object
8 Voilation object 8 Latitude float64
9 Speed int64 9 Longitude float64
10 Geographic_Sector object 10 Location object

11 Severity of Crash object
11 Camera_Name object 12 Weather ob]'ect

13 Road Type object

14  No. of Vehicles In- float64
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volved

15 Type of Collision object
Apparent Cause of .

1

6 Accident object
17 Deaths happens object
18  Injury happens object

Data Preprocessing and Feature Engineering

The raw ANPR traffic data and historical accident records are converted into useful
input variables through data preprocessing and feature engineering. The process began
by loading both datasets and standardizing date and time features, and by extracting
temporal information, including hour and weekend status, and peak-hour status using
Algorithm 1. Outliers are detected, and zero speeds are corrected to ensure data quality.
Date and time in the ANPR traffic data are used to integrate records into traffic-flow
variables, and accident frequency, severity, fatalities, injuries, weather-related accidents,
and vehicle involvement data in the accident data are used to create accident-related
variables. These two data sets are then cross-referenced on date, hour, geographic sector,
police station, and camera location. Congestion-related variables are generated using
fuzzy logic, and the final congestion label is assigned using fuzzy logic; the integrated
variables are added using GAN to balance the congestion representation. The most rel-
evant variables for congestion prediction are selected using exploratory data analysis
and correlation-based feature selection. The final integrated dataset comprises four
groups of variables: ANPR traffic variables, peak-hour temporal variables, fuzzy logic
variables, and historical accident-aware variables, which are also used in the four ex-
perimental scenarios of the results section. The set of dataset features is presented in Ta-
ble 1 above.

Algorithm 1: Data Preprocessing and Feature Engineering
Input: Raw ANPR traffic dataset and accident dataset
Output: Cleaned and integrated dataset (D)

1. Load the raw ANPR traffic dataset and accident dataset.

2. Convert date and time fields into a standard datetime format.

3. Extract temporal features, including hour, day of week, peak-hour status, and
weekend status.

4.  Define peak hours as morning and evening high-demand periods: ({7, 8, 9, 16, 17, 18,
19}).

5. Generate GAN-based integrated features to support balanced representation of
congested traffic records.

6. Clean the ANPR traffic records by correcting zero-speed values, removing invalid
speed values and handling missing values using mean or mode imputation.

7. Generate traffic-flow features from vehicle count, speed, violation information,
speed drop, and speed variation.

8. Clean the accidental records by removing duplicate, incomplete, and invalid rec-
ords.

9. Generate accident-aware features from accident frequency, accident severity, fatali-
ties, injuries, weather-related incidents, and vehicle involvement information.

10. Integrate ANPR traffic and accident records using date, hour, geographic sector,
police station, and camera-location information.

11. Apply fuzzy logic to generate fuzzy congestion scores and assign the final conges-
tion label.

12. Convert selected features into numeric format and apply exploratory analysis and
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correlation-based feature selection.

13. Select the final feature groups, including ANPR traffic features, temporal and
peak-hour features, accidental features, fuzzy congestion features, and GAN-based
integrated features.

14. Save the final cleaned and integrated dataset (D) for model training and evaluation.

15. Return (D).

Algorithm 1 summarizes the preprocessing and feature engineering procedure,
while Figure 1 presents the complete APG-GRU workflow as a process flowchart.
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Figure 1. Process flowchart and architecture of the proposed APG-GRU framework.

4. APG-GRU Framework Methodology
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The proposed APG-GRU framework is designed for accident-aware and
peak-hour-based traffic congestion prediction using the cleaned and integrated traffic—
accident dataset. To present the proposed procedure more clearly, the complete frame-
work is illustrated through the process flowchart shown in Figure 1, while the detailed
training and evaluation steps are provided in Algorithm 1. As shown in Figure 1, the
APG-GRU framework starts with input information, including source location, destina-
tion location, date, and time slot. The data source layer integrates ANPR traffic features
and historical accident features. The preprocessing stage performs accident-augmented
spatiotemporal and geospatial data fusion, outlier analysis, adjustment, and zero-speed
correction. The processed data are then integrated and passed through correlation-based
feature selection. Fuzzy logic is applied to generate congestion labels, while GAN-based
class balancing is used to improve congested-class representation. Finally, the GRU
model is trained to predict traffic congestion status, and the trained APG-GRU frame-
work is implemented through a dashboard for accident hotspot visualization and
route-level smooth or congested traffic status.

The novelty of the proposed APG-GRU framework lies in the integration of histor-
ical accident-aware features, peak-hour traffic features, fuzzy congestion labeling,
GAN-based class balancing, GRU-based temporal prediction, and dashboard-based vis-
ualization within a single congestion prediction pipeline. The proposed contribution is
not the isolated use of existing tools, but their systematic integration to model both re-
curring and non-recurring congestion. Recurring congestion is represented through
peak-hour and temporal traffic features, while non-recurring congestion is represented
through historical accident-related features. Four experimental scenarios are designed to
evaluate the individual and combined effects of traffic features, accident features, fuzzy
labeling, and GAN-based class balancing. Scenario 4 represents the complete APG-GRU
framework and demonstrates that incorporating historical accident information im-
proves the quality of traffic congestion prediction. The complete training and evaluation
procedure of the proposed APG-GRU framework is presented in Algorithm 2.

Algorithm 2: APG-GRU Framework Training and Evaluation

Input: Cleaned and integrated traffic-accident dataset (D)

Output: Scenario-wise predictions, evaluation metrics, confusion matrices, and
best-performing APG-GRU scenario

1. Load the cleaned and integrated dataset (D).

2.  Define the target label (y) as the congestion label, where (0) represents
non-congested traffic and (1) represents congested traffic.

3. Select the required feature groups from (D), including ANPR traffic features,
peak-hour features, fuzzy congestion features, accident features, and GAN-based
integrated features.

4. Define four experimental scenarios using different combinations of traffic, accident,

fuzzy, and GAN-based features.

5. For each scenario, prepare the corresponding feature set (X_S).

6. Convert selected features into numeric format and replace remaining missing val-
ues.

7. Split the scenario dataset into training and testing sets.

Normalize the training and testing feature sets.

9. Apply GAN-based class balancing in the scenarios that include GAN-based inte-
grated features.

10. Reshape the data into GRU-compatible input format.

*

11. Train the APG-GRU model for each scenario using the training data.
12. Predict congested and non-congested traffic classes using the testing data.
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13. Evaluate each scenario using accuracy, congested precision, congested recall, con-
gested F1-score, and confusion matrix values.

14. Compare the four scenarios and select the best-performing scenario based on the
highest congested F1-score, highest accuracy, and lowest false predictions.

15. Return the scenario-wise results, confusion matrices, and final APG-GRU frame-
work.

4.1. Accident Feature Construction

Road accident feature engineering is performed to show the effect of historical road
accidents on traffic congestion. The accident data is used to obtain accident-related data,
which is then merged with the ANPR traffic data. This step intends to collect the fre-
quency, severity, and spatial occurrence of road accidents that could lead to a loss of
roadway capacity and an interruption of vehicle movements, and cause non-recurring
congestion. Several features related to the accidents are extracted for each traffic obser-
vation: local accident count, incident count, area-level accident count, average
number of vehicles involved, accident severity score, fatality count, injury count, weath-
er-related incident count, and Accident Risk Score. These features are the number of ac-
cidents, the severity of the accidents, and the exposure to the traffic location at which the
accidents occurred. The local accident count is the number of accident events in the same
geographic sector as the location of the ANPR camera, such as in the same street, lane,
and road, as indicated in Equation (1).

Accident_Count_Local (s) = Nyccidents (S) (1)

where s is the geographic sector associated with the ANPR camera location, and
Naccidents (S) demonstrates the total number of accidents recorded in that sector.

The area-level accident count presents the number of accident events recorded in an
area-level traffic zone consisting of nearby sectors or camera locations, as presented in
Equation (2).

Area_Accident_Count (a) = Nuccigents (3) (2)

In Equation (2), a represents an area-level traffic zone consisting of nearby sectors or
camera locations, and Nycigents (@) represents the total number of accidents recorded in
that area.

To provide a clear accident impact indicator, the Accident Risk Score is calculated by
combining normalized accident-related features. The accident-related features have
different measurement scales; min-max normalization is first applied, as shown in
Equation (3).

X, — xmin
i = g @)
j J

In Equation (3), X;; represents the value of accident-related feature j for traffic rec-
ord i, X/™" and X["** represent the minimum and maximum values of feature j, and
X{'y™ represents the normalized value of the accident-related feature. After normality,
the Accident Risk Score is calculated as the average of the normalized accident-related
features, as shown in Equation (4).

Accident_Risk_Score ; = % o Xxperm )

In Equation (4), k represents the total number of accident-related features used in the
calculation. These features consist of local accident count, incident count, area-level ac-
cident count, accident severity score, fatality count, injury count, weather-related inci-
dent count, and average number of vehicles involved. A higher Accident_Risk_Score ;
indicates a higher historical accident impact for the corresponding traffic record. The ex-
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tracted accident-related features are then integrated with traffic-flow features, fuzzy
congestion scores, peak-hour indicators, and GAN-based integrated features. This inte-
gration enables the APG-GRU framework to learn recurring congestion patterns associ-
ated with regular traffic demand and non-recurring congestion patterns associated with
historical road accidents.

4.2. Accident Propagation Modeling

Considering the propagation effect of road accidents on traffic congestion, accident
information is additionally modeled by spatiotemporal propagation features. Simple
count and severity variables indicate whether an accident has been recorded in a location
but are not complete indicators of how the impact of the accident may ripple outward to
adjacent road segments and/or extend over time. The proposed APG-GRU framework
therefore also incorporates an accident propagation representation which is based on the
spatial, temporal, and accident severity.

For each ANPR traffic record i, accident events e occurring near the corresponding
camera location and within the relevant time period are considered. The temporal
difference between a traffic record and an accident event is defined as:

At,, =t; — t, ©)

In Equation (5), t; is the timestamp of traffic record i, and t, is the timestamp of
accident event e. Only accident events occurring before or close to the traffic observation
are considered for propagation modeling.

The spatial distance between the ANPR camera location and the accident location is
represented as:

die = Distance (I; —l,) (6)

In Equation (6) l; represents the location of the ANPR camera for traffic record i,
and [, represents the location of accident event e.
The spatiotemporal accident propagation score is calculated as:

d; At;
Accident_Propagation_Score ; = gL, Severity, X exp (— f) X exp (— %) 7)

In Equation (7), m is the number of accident events considered for traffic record i,
Severity, represents the severity weight of accident event e, d;j represents the spatial
distance between the accident and the camera location, At;, represents the temporal
difference between the accident and traffic record, A is the spatial decay parameter, and t
is the temporal decay parameter. The exponential decay terms reduce the influence of
accidents that are farther away in space or time.

This propagation score enables the model to capture the indirect effect of accidents
on nearby road segments and later traffic observations. Therefore, accident modeling in
the revised APG-GRU framework is not limited to accident count, severity, fatalities, and
injuries; it also includes a propagation-aware representation of accident influence. The
final accident feature group includes local accident count, area-level accident count, ac-
cident severity score, fatality count, injury count, weather-related incident count, average
vehicles involved, Accident Risk Score, accident proximity, temporal accident influence,
and accident propagation score. This improves the ability of the framework to model
non-recurring congestion caused by accident-induced traffic disturbance.
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4.3. Peak-Hour Representation

The peak travel periods, when many vehicles are traveling on the road network, are
also important factors for recurring traffic congestion. In smart cities, heavy traffic in the
city is common in the morning and evening hours, and around offices, educational in-
stitutes, commercial areas, and major intersections. To achieve this, the APG-GRU
framework incorporates temporal features such as Hour, Day_of Week, Is_Peak_Hour,
and Is_Weekend. The feature Is_Peak_Hour is coded as a binary variable; 1 = peak hour;
0 = non-peak hour. Peak-hour information is needed because traffic congestion is not
only dependent on the volume of traffic but also on when the traffic is demanded. A
medium traffic incident during peak hours can produce a higher congestion impact on
traffic congestion whereas the same incident during low traffic demand has a low impact
on traffic. Thus, peak-hour indicators can be used to give context to the congestion event
and help the model separate recurring congestion due to a regular traffic demand from
non-recurring congestion due to road accident events, thereby enhancing the perfor-
mance of the model in predicting congestion [25].

4.4. Fuzzy Logic Based Labeling

The fuzzy labeling technique is used to label traffic speed observations using a
fuzzy inference approach rather than a fixed speed threshold. To label congestion in the
proposed APG-GRU framework, the average speed of each ANPR traffic observation is
adopted as the primary input. Low speed values are considered as congested traffic,
high speed values as smooth traffic, and intermediate speed values as transitional traffic.
The average speed of each traffic record is mapped into three fuzzy speed states repre-
senting low, medium, and high traffic conditions. This process produces a fuzzy conges-
tion score for each traffic observation. Records with a stronger association to the
low-speed state are assigned a higher fuzzy congestion score, whereas records associat-
ed with higher speeds receive a lower congestion score. The fuzzy congestion score is
subsequently used to assign the final binary congestion label. If the fuzzy congestion
score reaches the predefined congestion-labeling threshold, the record is labeled as
Congested; otherwise, it is labeled as Smooth.

The two significant outputs of this technique are Fuzzy_Congestion_Score and
Congested_Label. The Fuzzy_Congestion_Score represents the degree of congestion in-
tensity, while Congested_Label represents the final binary class used for model training
and testing. This labeling strategy reduces the boundary problem associated with hard
thresholding because traffic conditions near the transition between smooth and con-
gested states are represented more flexibly. The same fuzzy labeling procedure is con-
sistently applied to all traffic observations before model development, ensuring identical
labeling criteria across all four experimental scenarios and enabling fair performance
comparison. Similar findings have been reported in recent traffic management studies
[18,19], where fuzzy logic has been demonstrated to be an effective model of uncertain
and saturated traffic states.

The congestion-labeling procedure is completed before the model training stage.
The Fuzzy_Congestion_Score is generated from traffic speed observations and repre-
sents the continuous degree of congestion intensity, whereas Congested_Label repre-
sents the final binary target class used for congestion prediction. The predictor variables
consist of traffic-flow characteristics, temporal indicators, accident-related features,
Fuzzy_Congestion_Score, and the GAN-balanced training samples where applicable.
Following the congestion-labeling process, the complete dataset is partitioned into
training and testing subsets. GAN-based balancing is subsequently applied only to the
training subset in Scenarios 2 and 4, while the testing subset remains unchanged. The
balanced training data are then used to train the proposed GRU model, whereas Scenar-
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ios 1 and 3 are trained using the original training data without GAN balancing. The se-
quential implementation procedure is followed in all four experimental scenarios, en-
suring a fair, transparent and reproducible assessment of the proposed APG-GRU
framework.

4.5. GAN-Based Balancing

The integrated traffic congestion dataset is imbalanced, with non-congested traffic
observations being more frequent than congested observations. The final dataset con-
tained 40,506 non-congested records and 11,494 congested records. This imbalance could
lead the learning model to favor the majority non-congested class and reduce its ability
to correctly detect congested traffic cases. Therefore, GAN-based class balancing is ap-
plied to improve the representation of the minority congested class during model train-
ing.

The balancing process is performed after data preprocessing, fuzzy labeling, feature
selection, and train-test splitting. To avoid data leakage, GAN-based balancing is ap-
plied only to the training data, while the testing data are kept unchanged in their origi-
nal class distribution. The training data are first divided into majority non-congested
samples and minority congested samples. The GAN model is trained on the minority
congested-class feature space to learn the distribution of congested traffic records. Dur-
ing adversarial learning, the generator produces synthetic congested traffic samples,
while the discriminator simultaneously learns to distinguish between real and generated
samples. Through this iterative optimization process, the generator progressively im-
proves its ability to produce realistic minority-class samples that preserve the statistical
characteristics of the original congested traffic records. After training, the generator is
used to generate additional synthetic congested samples. These generated samples are
then combined with the real training samples to create a more balanced training set. The
resulting balanced training dataset is subsequently used to train the GRU-based conges-
tion prediction model, whereas the testing dataset remains unchanged to provide an un-
biased evaluation of model performance.

GAN balancing is used only in Scenarios 2 and 4. Scenario 2 is designed to evaluate
the contribution of GAN-based class balancing in the absence of historical acci-
dent-aware features, whereas Scenario 4 evaluates the combined contribution of
GAN-based balancing and historical accident-aware features. In contrast, Scenarios 1
and 3 use the original imbalanced training dataset without GAN balancing. This exper-
imental design enables the individual and combined effects of GAN-based balancing
and historical accident-aware feature engineering to be systematically evaluated. The
purpose of GAN balancing is not to replace real traffic observations but to improve mi-
nority-class representation during training and reduce the prediction bias toward the
non-congested class. The final model evaluation is performed on the unchanged test set
using accuracy, congested precision, congested recall, congested F1-score, and confusion
matrix analysis. The balanced training dataset obtained after GAN-based augmentation
is directly used as the input for GRU model training in Scenarios 2 and 4, while the
original testing dataset is retained for final performance evaluation.

4.6. Model Selection and Experimental Scenarios

The APG-GRU framework uses a Gated Recurrent Unit (GRU) network as the key
prediction model. Due to the temporal dependencies of traffic, it is decided that GRU is
a suitable choice for development. This means that the current traffic situation depends
on the previous traffic situation, accident occurrences, and peak-hour demand patterns.
GRU has fewer parameters and lower computation complexity than traditional recurrent
neural networks, but it can still provide a good learning ability for sequence traffic data.
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Four experimental scenarios are created to assess the role of the features of accidents and
class balancing using GAN. The same GRU prediction architecture is used across each
scenario with the components of the framework gradually added. This design allows for
the systematic evaluation of the effect of fuzzy labeling, accident integration and GAN
balancing on the performance of the congestion prediction.

Experimental scenarios used in the APG-GRU Framework are presented in Table 2.
Scenario 1 serves as the baseline model using traffic and temporal features with fuzzy
congestion labeling. Scenario 2 evaluates the contribution of GAN-based class balancing.
Scenario 3 investigates the impact of accident-related information on congestion predic-
tion. Finally, Scenario 4 represents the complete proposed APG-GRU framework, com-
bining traffic features, peak-hour indicators, accident information, fuzzy congestion la-
beling, GAN balancing, and GRU sequence learning. The performance of all scenarios is
compared using accuracy, congested precision, congested recall, congested F1-score, and
confusion matrix analysis. The Random Forest, XGBoost, LSTM, and GRU models were
selected to evaluate machine learning and DL approaches [26] for traffic congestion pre-
diction, with GRU adopted as the proposed prediction model.

Table 2. Experimental scenarios used in the APG-GRU framework.

Scenario Feature/Model Combination Purpose
. ANPR Traffic Data + Peak-Hour Features + Fuzzy La- Baseline temporal traffic prediction using ve-
Scenario 1 . . .
beling + GRU hicle flow and fuzzy congestion features
. ANPR Traffic Data + Peak-Hour Features + Fuzzy La- Test effect of GAN balancing without accident
Scenario 2 . .
beling + GAN Balancing + GRU features
. ANPR Traffic Data + Accident Features + Peak-Hour Test effect of accident features without GAN
Scenario 3 ) .
Features + Fuzzy Labeling + GRU balancing
ANPR Traffic Data + Accident Features + Peak-Hour Complete proposed framework combinin
Scenario 4  Features + Fuzzy Labeling + GAN Balancing + GRU P €% Prop &

(Proposed APG-GRU Framework) recurring and non-recurring features

The proposed APG-GRU consists of two feature groups: one for recurring conges-
tion and another for non-recurring congestion, though these groups are integrated. Re-
curring congestion is congestion that happens repeatedly at regular times of traffic de-
mand, particularly in the morning and evening peak hours. It is encoded with temporal
and peak-hour features such as hour, day of week, weekend, or peak-hour status. This
capability enables the framework to recognize the normal congestion patterns for periods
of the day when travel demand is heavy. Non-recurring congestion is any congestion that
results from an unusual event such as road crashes. It is modeled by different acci-
dent-related features from the accident database that are typically associated with acci-
dents, such as local accident count, incident count, area-level accident count, accident
severity score, fatality count, injury count, weather-related incident count, average
number of vehicles involved, or Accident Risk Score. These accident-aware features are
combined with ANPR traffic observations, thereby enabling the model to learn how
traffic conditions in the past affect congestion formation. The classification task in this
study is an online classification of traffic condition for a given route, date, and time slot,
using the trained APG-GRU model to classify the chosen traffic condition as either
smooth or congested.

4.7. GRU-Based Congestion Prediction Model

The proposed APG-GRU framework’s final stage, prediction, is based on the Gated
Recurrent Unit (GRU) network. The GRU proposed by [27] is a variant of the recurrent
neural networks (RNNs) that can capture long-term temporal dependency with low
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computational complexity compared with the conventional recurrent architectures. GRU
is appropriate for learning sequential traffic behavior because it is a problem that
changes over time and is influenced by the previously observed traffic conditions, acci-
dent occurrences, and the traffic demand pattern during the peak hour. There are two
gates in a GRU cell: the update gate and reset gate. The update gate regulates the
amount of information carried over from the previous time step, and the reset gate reg-
ulates the amount of information that is erased from the previous time step. These gates
allow the network to learn the short-term traffic patterns and the long-term traffic
patterns effectively. The update gate is computed as Equation (8):
The update gate controls how much of the past information to pass to the future:

zz=0W,x.+ U, hy_y +b,) ®)

The reset gate determines how much of the past information to forget in Equation

r,=0W,x,+ U, hy_y +b,) )
The candidate hidden state combines the current input with the reset hidden state:
hy = tanh Wy, x, + Uy (r,®he_y) + byp) (10)
The final hidden state updates the previous state with the candidate:

hy=(1—-2z)Ohi_1 +z G)Et (11)

Update gate: Where the previous hidden state and the candidate hidden state are
updated together. In Equation (10) and (11), x: is the feature vector at time (¢) for the in-
put, h1 is the hidden state at the previous time step, (W) and (U) are matrices of trainable
weights, (b) are bias terms, o is the sigmoid activation function, and © is the ele-
ment-wise multiplication. The traffic-flow features, peak-hour indicators, acci-
dent-related variables, fuzzy congestion scores, and GAN-balanced samples are pro-
vided to the GRU model in the proposed framework based on the experimental scenari-
os. The model is trained on temporal relationships between these features and classifies
the traffic observation as a Congested class or a Non-Congested class. GRU can capture
the sequential nature of traffic patterns, which is suitable for modeling recurring conges-
tion (due to peak-hour traffic) and non-recurring congestion (due to road accidents). The
internal architecture of the GRU cell used in the APG-GRU framework is shown in Fig-
ure 2.
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Figure 2. Internal architecture of the GRU cell used in the proposed APG-GRU framework [27].

In Figure 2, W, Ux, and b* denote the learnable weight matrices and bias vectors
associated with the GRU gates, where the asterisk (*) represents the corresponding gate
(update, reset, or candidate hidden state). Before GRU training, the input data are pre-
processed using the proposed APG-GRU framework, including feature engineering,
fuzzy logic-based congestion labeling, train-test partitioning, and GAN-based balancing
where applicable. The resulting training dataset is used to learn the temporal relation-
ships among traffic-flow characteristics, temporal indicators, accident-related features,
and fuzzy congestion scores. For Scenarios 2 and 4, the GRU model is trained using the
GAN-balanced training dataset, whereas Scenarios 1 and 3 utilize the original training
dataset without class balancing. After model training, the learned GRU model is applied
to the unchanged testing dataset to predict the congestion class of each traffic observa-
tion. The predicted congestion labels are then compared with the ground-truth labels to
evaluate the model using accuracy, congested precision, congested recall, congested
Fl1-score, and confusion matrix analysis. This implementation procedure is consistently
followed across all four experimental scenarios to ensure a fair and reproducible evalua-
tion of the proposed APG-GRU framework.

4.8. Evaluation Metrics

Accuracy, congested precision, congested recall, and congested F1-score are used to
assess the performance of the proposed APG-GRU framework presented in Table 3.
These metrics are chosen since the main goal of the framework is to correctly classify
traffic congestion, with a minimum number of misclassifications. Accuracy is the overall
percentage of correctly classified traffic observations. Congested precision is the ability to
accurately predict the congestion of the observations. Congested recall is a metric used to
evaluate the model’s effectiveness in detecting real congestion events, which is crucial in
ITS where the absence of congestion can have a significant impact on traffic management
and route planning. The Fl-score is used as a single performance measure and is a bal-
ance of precision and recall, particularly when the congested class is a smaller percentage
of the data. The following metrics are computed for all four experimental scenarios to
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evaluate the effect of accident integration, peak-hour features, fuzzy labeling, and class
balancing using GAN.

The evaluation metrics used for scenario comparison are presented in Table 3. In this
study, True Congestion (TC) represents congested traffic correctly predicted as congest-
ed, while True Smooth (TS) represents smooth traffic correctly predicted as smooth. False
Congestion (FC) refers to smooth traffic incorrectly predicted as congested, whereas False
Smooth (FS) refers to congested traffic incorrectly predicted as smooth. These metrics
provide a comprehensive assessment of the proposed APG-GRU framework and enable a
fair comparison among the four experimental scenarios.

Table 3. Evaluation metrics used for scenario comparison.

Metric Formula

Accuracy (TC +TS)/(TC + TS + FC + FS)
Congested Precision TC/(TC + FC)

Congested Recall TC/(TC + ES)

Congested F1-score

2 x (Congested Precision x Congested Recall)/(Congested Precision + Congested Re-
call)

4.9. Statistical Reliability and Modern Baseline Evaluation

To improve the reliability of the experimental evaluation, repeated-run analysis is
performed by using five independent random seeds: 11, 22, 33, 44, and 55. For each
model, accuracy, congested precision, congested recall, and congested Fl-score are re-
ported as the mean value, standard deviation, and 95% confidence interval. In addition,
paired statistical testing is performed to compare the proposed APG-GRU framework
with the baseline models. A paired t-test is used because the compared models are eval-
uated under the same repeated-run setting. A significance level of p < 0.05 is considered
statistically significant. To further strengthen the comparative evaluation, two modern
spatiotemporal traffic prediction baselines are included: Spatio-Temporal Graph Con-
volutional Network (STGCN) and Diffusion Convolutional Recurrent Neural Network
(DCRNN). For these graph-based models, camera locations are treated as graph nodes.

5. Results and Discussion
5.1. Correlation Analysis of Traffic and Historical Accident Features

A correlation heatmap of the traffic variables, the features in the accident record,
and the congestion label is shown in Figure 3. From the analysis, several important rela-
tionships can be observed. Vehicle Count shows a positive correlation with congestion
with the number of vehicles rising with congestion. Average Speed, Minimum Speed
and Maximum Speed are highly negatively correlated with congestion, which validates
the notion that traffic speeds reduce significantly during congestion. Likewise, the Speed
Drop Index and Speed Variability Index show positive correlations with congestion as
rapid deceleration is often linked with congestion events. Of the accident-related fea-
tures, Accident Count Local, Area Accident Count, accident severity score, and Accident
Risk Score show positive correlations with congestion. The results show that if the fre-
quency of accidents and the severity of accidents increase, so will the severity of traffic
congestion. There are also positive relationships between peak-hour indicators and con-
gestion, indicating the impact that morning and evening peak-hour traffic has on road
network performance. The overall correlation analysis identifies the traffic volume and
demand for travel during peak hours as recurring factors, while identifying accidents
and incident severity as non-recurring factors, which affect traffic congestion.
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Figure 3. Correlation analysis of traffic and historical accident features.

5.2. Scenario-Wise Performance

The scenario-wise performance comparison of the proposed APG-GRU framework
is presented in Table 4. Scenario 1, which uses ANPR traffic features, peak-hour features,
fuzzy labeling, and GRU prediction, provides the baseline performance with an 86.50%
accuracy, a 64.49% congested precision, an 86.64% congested recall, and a 73.94% con-
gested Fl-score. In Scenario 2, the addition of GAN-based class balancing improves the
accuracy to 90.50%, congested precision to 73.02%, congested recall to 90.45%, and con-
gested Fl-score to 80.80%. This improvement shows that GAN-based balancing helps
reduce the effect of class imbalance and improves congested-class learning. Scenario 3
further improves the results by adding accident-aware features, achieving a 94.50% ac-
curacy, an 82.91% congested precision, a 94.62% congested recall, and an 88.38% con-
gested Fl-score. This confirms that historical accident features help the model capture
non-recurring congestion caused by road incidents. The best performance is achieved in
Scenario 4, where ANPR traffic features, accident features, peak-hour features, fuzzy la-
beling, GAN-based balancing, and GRU prediction are combined. Scenario 4 achieved a
97.50% accuracy, a 91.86% congested precision, a 97.31% congested recall, and a 94.51%
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congested Fl-score. These results confirm that the complete APG-GRU framework pro-
vides the most reliable congestion prediction performance among all four scenarios.

Table 4. Scenario-wise performance comparison of the proposed APG-GRU framework on the Is-
lamabad dataset.

Scenario  Feature/Model Combination Accuracy (%)

Congested Congested Congested
Precision (%) Recall (%) F1-Score (%)

ANPR Traffic Features + Peak-Hour Features +

Scenario 1

Scenario 2

Fuzzy Labeling + GRU 86.50 64.49 86.64 73.94
ANPR Traffic Features + Peak-Hour Features +

. 73.02 4 .
Fuzzy Labeling + GAN Balancing + GRU 90.50 3.0 90.45 80.80
ANPR Traffic Features + Accident Features + 94,50 8291 o460 68,38

Scenario 3

Peak-Hour Features + Fuzzy Labeling + GRU
ANPR Traffic Features + Accident Features +

Scenario4 Peak-Hour Features + Fuzzy Labeling + GAN Bal- 97.50 91.86 97.31 94.51
ancing + GRU (APG-GRU framework)

The comparative performance of Random Forest, XGBoost, and LSTM across the
four experimental scenarios is presented in Table 5. The results show that the inclusion of
accident-aware features generally improves the performance of the baseline models, es-
pecially in Scenario 3 and Scenario 4. For Random Forest, the congested Fl-score in-
creased from 85.2% in Scenario 1 to 91.5% in Scenario 3 and Scenario 4. XGBoost also
improved from 85.8% in Scenario 1 to 91.3% in Scenario 3 and 91.2% in Scenario 4. Simi-
larly, LSTM improved from 85.3% in Scenario 1 to 91.0% in Scenario 3 and 90.5% in Sce-
nario 4. These results indicate that accident-aware features are useful.

Table 5. Comparative performance of Random Forest, XGBoost, and LSTM across the four ex-

perimental scenarios on the Islamabad dataset.

Model Scenario Accuracy (%) Congested Precision (%) Congested Recall (%) Congested F1-Score (%)
Random Forest Scenario 1 93.7 88.7 82.0 85.2
Random Forest Scenario 2 93.8 88.7 82.7 85.6
Random Forest Scenario 3 96.3 93.2 89.9 91.5
Random Forest Scenario 4 96.3 93.3 89.7 91.5

XGBoost Scenario 1 93.1 78.8 94.3 85.8
XGBoost Scenario 2 93.1 78.8 94.2 85.8
XGBoost Scenario 3 96.0 86.9 96.2 91.3
XGBoost Scenario 4 95.9 86.6 96.3 91.2

LSTM Scenario 1 92.8 77.8 94.3 85.3

LSTM Scenario 2 92.8 774 95.0 85.3

LSTM Scenario 3 95.8 86.0 96.7 91.0

LSTM Scenario 4 95.5 84.9 96.8 90.5

Although the baseline models achieved robust results, the proposed APG-GRU
framework showed the best overall performance in Scenario 4. Compared with Random
Forest, XGBoost, and LSTM, APG-GRU achieved higher accuracy and a higher congested
F1-score. Random Forest produced high congested precision values, while XGBoost and
LSTM achieved high congested recall values; however, APG-GRU provided the best
balance between congested precision and congested recall. This balance is important for
traffic congestion prediction because the model must correctly detect actual congestion
while also reducing false congestion alerts. Therefore, the results demonstrate that inte-
grating historical accident features, peak-hour features, fuzzy congestion labeling,
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GAN-based class balancing, and GRU-based temporal learning improves accident-aware
traffic congestion prediction.

The repeated-run statistical comparison of the proposed APG-GRU framework with
machine learning, deep learning, and graph-based traffic prediction baselines is pre-
sented in Table 6. The results show that APG-GRU achieved the highest overall perfor-
mance, with a 97.375% mean accuracy and a 94.911% mean congested Fl-score. The
confidence intervals also demonstrate that APG-GRU produced stable and consistent
results across repeated runs. Among the baseline models, XGBoost achieved the strong-
est congested Fl-score, followed by Random Forest. The graph-based models STGCN
and DCRNN achieved better congested recall than the basic recurrent models, showing
their ability to capture spatiotemporal traffic dependencies. However, APG-GRU
achieved the best overall balance between congested precision and congested recall. The
confidence intervals indicate that APG-GRU consistently achieved superior performance
across repeated runs, demonstrating the stability, reliability, and robustness of the pro-
posed framework.

Table 6. Repeated-run statistical comparison of APG-GRU with baseline models.

Accuracy Mean Cong.e?ted Congested Congested

Model +SD 95% CI Precision 95% CI Recall Mean = 95% CI F1-Score Mean + 95% CI
Mean + SD SD SD

R;;‘fe‘;“ 93.345 + 0.538 [99;"0617 37] 90.284 + 1.202 ff;;;]' 82.559 + 0.911 [558;21;98]' 86.241 + 0.565 [8865"95;0]’
XGBoost 94.395 + 0.401 [5588995]' 86.944 +1.049 [:85 '26:61]' 91.574 +1.103 [9920 92;36]’ 89.190 £ 0.416 [8898 7607 64],
LSTM  81.615+1.398 [87393?5719]’ 59.586 + 3.098 E;Z;ZO]I 85.215 + 3.694 5390;0218]’ 70.042 +1.944 [;627:5258]'
GRU  86.102 +1.129 [:74_'—37(?41], 67.813 £2.010 [7653301;’ 85.472 +2.093 [52382(?7713], 75.620 + 1.957 [;:()1;9()]'
STGCN  86.659 +1.067 [;75 ;;f]' 67.758 +1.151 [:96 138269], 90.089 + 1.540 [9828 0107 16]' 77.333 +0.872 [7786 4215 61]/
DCRNN 86.757 + 1.061 [:85(;174;]/ 67.973 £ 1.119 [6696;:;]' 90.033 £ 1.651 [98270988;]' 77.452 + 0.828 [7786:82(?]/
APG-GRU 97.375 + 0.265 [,?; ‘70&5]’ 92.377 £ 0.901 [99; f;;’ 97.590 = 0.811 [99§ 5598;’ 94.911 £ 0.799 [;; ‘990139]’

5.3. Confusion Matrix Results

The confusion matrices of the four APG-GRU experimental scenarios are shown in
Figure 4. The number of correctly classified traffic records for each class (Smooth and
Congested) is shown, and not the percentage share of evaluation metrics. True Smooth
(TS) denotes the number of smooth traffic flows correctly identified as smooth, False
Congestion (FC) denotes the number of smooth traffic flows incorrectly identified as
congested, False Smooth (FS) denotes the number of congested traffic flows incorrectly
identified as smooth, and True Congestion (TC) denotes the number of congested traffic
flows correctly identified as congested. The greatest number of false predictions is made
with scenario 1 (5484 FC and 1536 FS). Using the GAN-based balancing in Scenario 2
lowered the number of false predictions to 3842 FC and 1098 FS. Including the acci-
dent-aware features further enhanced the classification results as shown in the third
scenario (FC: 2242, FS: 618). The highest confusion matrix performance is obtained by
Scenario 4, having a total of 39,515 TS, 991 FC, 309 FS, and 11,185 TC. It is shown that by
combining ANPR traffic features, accident-aware traffic features, fuzzy labeling,
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GAN-based balancing, and GRU prediction, the complete APG-GRU framework is able

to reduce false congestion alerts and improve the detection of real congestion traffic cas-
es.

Scenario 1 Scenario 2
ANPR + Fuzzy + GRU ANPR + Fuzzy + GAN + GRU
Smooth 5484 Smooth 3842
° T
2 2
(] ©
- -
® ]
= =
° t
< <
Congested 1536 9958 Congested 1098 10,396
Sm(;oth Conglested Sméoth Conglested
Predicted Label Predicted Label
TS=35,022 FC=5484 FS=1536 TC=9958 T5=36,664 FC=3842 FS=1098 TC=10,396
Scenario 3 Scenario 4
ANPR + Accident + Fuzzy + GRU ANPR + Accident + Fuzzy + GAN + GRU
Smooth 2242 Smooth 991
° ]
o 2
5 5
® T
2 2
o 15}
< <
Congested 618 10,876 Congested 309 11,185
Smt;oth Conglested Smtlaoth Conglested
Predicted Label Predicted Label
TS=38,264 FC=2242 FS=618 TC=10,876 T5=39,515 FC=991 FS=309 TC=11,185

Figure 4. Confusion matrices of the four APG-GRU experimental scenarios.

5.4. External Validation and Generalizability Analysis

To evaluate the generalizability of the proposed APG-GRU framework beyond the
primary study area, an additional external validation is conducted using the Lahore
traffic dataset. The external dataset consists of traffic flow, historical accident, peak hour,
fuzzy congestion, and GAN-enhanced features that are compatible with the proposed
framework. The same four experimental scenarios and evaluation methodology used for
the Islamabad dataset are applied to the Lahore dataset to assess the robustness and
transferability of the proposed model under a different urban traffic environment. The
results are summarized in Tables 7 and 8.

Table 7. Scenario-wise performance comparison of the proposed APG-GRU framework on the
Lahore dataset.

. o Accuracy Congested Pre- Congested Congested
Scenario Feature/Model Combination %) cision (%) Recall (%) F1-Score (%)
Scenario 1 ANPR Traffllc Features + Peak-Hour Features + 91.78 7430 96.17 83.83
Fuzzy Labeling + GRU
. ANPR Traffic Features + Peak-Hour Features +
Scenario 2

Fuzzy Labeling + GAN Balancing + GRU

92.23 75.93 95.04 84.42
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ANPR Traffic Features + Accident Features +
Peak-Hour Features + Fuzzy Labeling + GRU
ANPR Traffic Features + Accident Features +
Scenario 4 Peak-Hour Features + Fuzzy Labeling + GAN 95.41 84.74 96.69 90.32
Balancing + GRU (APG-GRU framework)

Scenario 3

95.29 84.09 97.13 90.14

The external validation results of the proposed APG-GRU framework on the Lahore
city dataset under four experimental scenarios are presented in Table 7. Similar to the
results obtained on the Islamabad dataset, the prediction performance consistently im-
proved as additional accident-aware features and GAN-based balancing were incorpo-
rated into the framework. Scenario 1 achieved an accuracy of 91.78% and a congested
Fl-score of 83.83%, while the inclusion of GAN-based balancing in Scenario 2 slightly
improved the overall performance. Incorporating historical accident-aware features in
Scenario 3 produced a substantial improvement, increasing the accuracy to 95.29% and
the congested Fl-score to 90.14%. The highest performance is achieved in Scenario 4,
where the combined use of accident-aware features and GAN-based balancing resulted
in a 95.41% accuracy and a 90.32% congested F1-score. The result findings determine the
ability of the proposed APG-GRU to consistently predict traffic state in another urban
traffic environment, indicating the effectiveness and applicability of the framework in
further areas beyond the primary study area.

Table 8. Comparative performance of Random Forest, XGBoost, and LSTM across the four ex-

perimental scenarios on the Lahore dataset.

Model Scenario  Accuracy (%) Congested Precision (%) Congested Recall (%) Congested F1-Score (%)
Random Forest Scenario 1 94.25 89.50 83.82 86.57
Random Forest Scenario 2 94.27 89.44 83.99 86.63
Random Forest Scenario 3 94.42 92.99 90.65 91.81
Random Forest Scenario 4 94.35 92.85 90.43 91.63

XGBoost Scenario 1 9291 77.99 94.73 85.55
XGBoost Scenario 2 92.91 78.11 94.47 85.52
XGBoost Scenario 3 94.67 86.29 95.65 90.73
XGBoost Scenario 4 94.72 86.38 95.78 90.83

LSTM Scenario 1 92.82 78.12 93.86 85.27

LSTM Scenario 2 91.73 74.10 96.30 83.76

LSTM Scenario 3 94.27 83.92 96.26 90.10

LSTM Scenario 4 94.07 86.09 96.47 90.99

The performance of Random Forest, XGBoost, and LSTM across the four experi-
mental scenarios using the Lahore city dataset is compared in Table 8. All baseline mod-
els showed improved performance in Scenarios 3 and 4 after incorporating historical ac-
cident-aware features and GAN-based balancing. Among the baseline models, Random
Forest achieved the best overall performance with accuracy and congested Fl-score,
while XGBoost and LSTM also demonstrated notable improvements. However, the
proposed APG-GRU framework in Table 7 consistently achieved superior overall con-
gestion prediction performance across the corresponding scenarios, demonstrating that
the integration of historical accident-aware features, fuzzy logic-based labeling, and
GAN:-based balancing provides a more effective representation of complex traffic condi-
tions. These results further confirm the robustness and generalizability of the proposed
framework across different urban traffic environments.
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5.5. Visualization Dashboard of APG-GRU Framework

The evolved APG-GRU dashboard is a practical implementation of the proposed
traffic congestion prediction framework by incorporating accident-related information. It
presents an overview of integrated data that consists of 52,000 traffic records, 10 moni-
tored sector areas, a 35.11% traffic congestion probability on average, and a 12.16% traffic
accident risk on average. The dashboard also shows the best model performance in Sce-
nario 4, which is a 97.5% accuracy, 91.86% precision, 97.31% recall, and 94.51% F1-score.
The accident hotspot map reflects the occurrence of historical accidents, and the high-risk
area panel indicates the sectors ranking based on the historical accident probability and
number of accidents presented in Figure 5. I-8, G-8, F-8 and Conventional Center are
official sector names in Islamabad, Pakistan, used as geographic identifiers. This demon-
strates the ability of the dashboard to merge these disparate functions of congestion pre-
diction, accident hotspot visualization, and route-risk interpretation into a single deci-
sion-support interface to benefit traffic managers and commuters.

Accident-Aware Traffic Congestion Prediction Dashboard SRR  ¢oue preciction

APG-GRU Framework for Islamabad, Pakistan

(<) TOTAL RECORDS Q TOTAL AREAS Q AVERAGE CONGESTION AVERAGE ACCIDENT RISK

=

— 0, 0,

= 52000 10 35.11% 12.16%
Historical traffic Islamabad sectors Scenario 4 congestion Historical accident
records used and road segments probability probability

BEST MODEL PERFORMANCE

Scenario 4: Traffic Features + Accident + Fuzzy + GAN + GRU
ACCURACY PRECISION RECALL F1-SCORE

97.5% 91.86% 97.31% 94.51%
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PROPOSED SYSTEM EXPLANATION

This dashboard uses historical traffic and accident data to support accident-aware congestion prediction.
The proposed system combines Scenario 4 model probability with historical accident probability to identify
whether a selected route is likely to be free or congested.

GREEN ROUTE RED ROUTE

If free probability is greater than 50%, If congestion probability is greater than 50%,

the route is marked as Free / Smooth. the route is marked as Congested.
Figure 5. APG-GRU dashboard for accident hotspot visualization.

The route-based traffic congestion prediction dashboard is tested with two cases of
route prediction presented in Figure 6. The sector labels (e.g., F-8, F-9, G-7, and G-8) are
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Route-Based Traffic Congestion Prediction

Prediction using historical accident data and AP G-GRU framework

official administrative sector names of Islamabad, Pakistan, used as geographic identifi-
ers. The same user decided the source location, destination, date, and time for both tests,
and the dashboard predicted the route status based on the historical record of accidents
and the APG-GRU framework. The first test predicted the route from the Convention
Center to F-8 as a Smooth route with a congestion probability of 26.93% and a
smooth-flow probability of 73.07%. The second test predicted the route between the
Convention Center and F-9 as Smooth with a probability of congestion of 26.81% and a
probability of smooth flow of 73.19%. Accident risk points are also shown along the
routes selected in the predicted route maps, which indicate that the dashboard can be
used not only to predict congestion but also to assess the route regarding accidents. The
results show the applicability of the APG-GRU framework for traffic monitoring and de-
cision support for routes.

8 Dpashboard 2 Route Prediction

SELECT ROUTE

Choose source and destination to predict traffic

congestion probability.

PREDICTED ROUTE MAP

Green route means free traffic. Red route means congested traffic.

SOURCE + 68
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DATE T ":‘_”s ;

06/14/2026 8 2 ng G-9
Optional. If empty, all historical records will be used.
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3 - Rawal
17:00 ~
F-7 e Lake
PREDICT ROUTE CONDITION
FREE / SMOOTH
CONGESTION PROBABILITY S PRSRARR R @ Free/Smooth @ Congested @ Accident Risk Point ™ Leaflet | © OpenStreetMap contributors

26.93% 73.07%

Route-Based Traffic Congestion Prediction

2. Dashboard & Route Prediction

Prediction using historical accident data and AP G-GRU framework

SELECT ROUTE

Choose source and destination to predict traffic
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Figure 6. Route-based APG-GRU dashboard for congestion prediction and accident-aware route

assessment.

5.6. Discussion

The results of this study show that the proposed APG-GRU framework is successful
in traffic congestion prediction for smart city infrastructure. The result of progressive
improvement from Scenario 1 to Scenario 4 demonstrates that the combination of acci-
dent information, fuzzy logic labeling and class balancing using GAN improves conges-
tion prediction performance. The overall best performance is obtained by Scenario 4, in
which all relevant traffic and accident data are shared in a common prediction frame-
work. The traffic variables represent typical traffic conditions, and the accident variables
represent unexpected traffic disruptions that may cause non-recurring congestion. The
integration of these two data sources enables the APG-GRU framework to gain a more
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comprehensive understanding of the factors that impact traffic flow. Class imbalance is
also a factor reduced by GAN balancing. Congested traffic is less common than smooth
traffic in real-world traffic datasets. The model can learn the congestion patterns better
by using the samples generated using GAN, which leads to better classification results.

To address the uncertainty in traffic states, fuzzy logic labeling further improved
the quality of prediction. Fuzzy labeling is used in place of fixed thresholds to give a
more realistic representation of congestion levels, consequently enhancing the learning
ability of the GRU model. The results are consistent with earlier studies on traffic predic-
tion, which presented positive results based on deep learning and historical acci-
dent-aware prediction techniques. But the proposed framework builds on existing works
by embedding the information of accidents, peak-hour indicators, fuzzy labeling, GAN
balancing, and GRU learning in a single architecture. This integration provides an im-
proved congestion prediction compared to the traditional traffic-only methods
[16,25,28,29].

The web-based dashboard also shows the applicability of the proposed framework
for APG-GRU in the context of Smart City Islamabad. It displays accident hotspot visu-
alization, congestion-risk information, and performance indicators for Scenario 4 in one
interface as shown in Figure 5. The detailed results have already been presented, so the
dashboard is more of a high-level description of how the proposed framework can be
translated to a decision-support tool for monitoring high-risk areas, assessing road con-
ditions, and supporting intelligent traffic management.

The results show that the proposed APG-GRU framework improves congestion
prediction by integrating traffic-flow features, peak-hour information, accident-aware
features, GAN-based class balancing, and GRU-based learning. The improvement from
Scenario 1 to Scenario 3 confirms that accident-related features provide useful infor-
mation for identifying non-recurring congestion, while the improvement in GAN-based
scenarios shows that class balancing helps the model learn congested traffic cases more
effectively. The confusion matrix results further show that the complete APG-GRU
framework reduces both false congestion alerts and missed congestion cases, which is
important for practical traffic management.

APG-GRU significantly outperformed machine learning, recurrent deep learning
and graph-based baselines, as it incorporates accident-aware feature engineering with
temporal learning. However, the study has some limitations. The experiments are based
on one city and one selected observation period, so the exact results may vary in other
cities, seasons, or road networks. The quality of accident-aware features also depends on
the completeness and accuracy of accident records. In addition, the graph-based base-
lines are limited by the lack of explicit road network adjacency information.

6. Conclusions

This study presents the APG-GRU framework for traffic congestion prediction using
Safe City Islamabad ANPR data and incorporating historical accident-related infor-
mation. The proposed framework integrates ANPR traffic features, peak-hour indicators,
fuzzy logic-based congestion labeling, historical accident-related features, GAN-based
class balancing, and GRU sequence learning. The APG-GRU framework aims to improve
congestion prediction by considering both non-recurring congestion caused by road ac-
cidents and recurring congestion associated with peak-hour traffic demand. Four ex-
perimental scenarios were designed to evaluate the individual and combined effects of
historical accident integration and GAN-based balancing. The experimental results pre-
sented a progressive improvement in prediction performance from Scenario 1 to Scenario
4. Scenario 1 (ANPR + Fuzzy + GRU) achieved an accuracy of 86.50% and a congested
F1-score of 73.94%, whereas Scenario 2 (ANPR + Fuzzy + GAN + GRU) achieved a higher
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congested Fl-score of 80.80% through GAN-based class balancing. The addition of the
accident-related information (Scenario 3: ANPR + Accident + Fuzzy + GRU) further im-
proved the performance with an Fl-score of 88.38%. The best results are obtained for
Scenario 4 for the APG-GRU framework, with an accuracy of 97.50%, a congested preci-
sion of 91.86%, a congested recall of 97.31%, and a congested Fl-score of 94.51%. The
outcomes indicate that the features used in the accidents have good predictive power for
traffic congestion forecasting. Moreover, the peak-hour indicators are able to capture the
recurring congestion well, fuzzy logic labeling enhances the representation of the con-
gestion, and GAN balancing tackles the class imbalance problem. These ingredients make
it possible for the proposed framework to correctly detect congestion conditions and
widely outperform simpler traffic-only prediction models. In terms of implementation,
the proposed framework could prove to be useful for ITS in providing more accurate
congestion forecasts, helping in route planning, minimizing travel delays, and better
managing traffic decisions. The framework provides a useful and effective deci-
sion-support tool for Safe City Islamabad to keep an eye on traffic situations and to act
proactively when traffic demand or road accidents induce congestion. The external val-
idation results on the Lahore traffic dataset further confirm the robustness and generali-
zability of the proposed APG-GRU framework beyond the primary study area, sup-
porting its applicability to other urban traffic environments. Furthermore, a web-based
interface is also designed for the APG-GRU framework, which visualizes the accident
hotspots and the traffic status at the route level (green routes standing for smooth
traffic-flow and red routes standing for congested traffic flow conditions), showing the
potential of practical deployment of the proposed system in the context of smart city
traffic management.

Future work will investigate multi-city validation, longer observation periods, in-
tegration of real-time IoT and connected vehicle data, adaptive accident propagation
modeling, and graph-based deep learning architectures to further improve scalability
and deployment in heterogeneous urban environments.
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