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Abstract 

 

Road traffic accidents remain a growing concern in Chattogram, particularly with the increasing complexity of 

urban mobility and the introduction of new modes such as battery-powered three-wheelers. This study seeks to 

identify the major factors influencing accident severity in the city through a machine learning approach. A 

dataset of 304 accident records was compiled from official police reports collected from multiple police stations 

in Chattogram. Accident severity served as the dependent variable, while independent variables included road 

geometry, presence of dividers, roadside hazards, streetlights, traffic signage along with the day of the week, 

time of day, weather and cause of the accident. A Random Forest classifier was used to examine the relationship 

between these factors and accident severity. The analysis indicated that the weather, day of the week, time of day 

and type of accident significantly influence accident severity. These findings can provide actionable insights for 

policymakers and transport authorities, emphasizing that improved traffic management, enhanced signage, 

stricter enforcement, automated signals, and targeted driver training could play a vital role in reducing accidents 

and strengthening road safety in Chattogram. 
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1 Introduction 

 

Road accidents are a major public health and urban development challenge in Bangladesh, causing thousands of 

deaths and injuries each year. In 2019 alone, over 5,000 people lost their lives in road crashes nationwide, 

highlighting the severity of the problem (Kundu et al., 2020; Rahman et al., 2018). While Dhaka often receives 

the most attention due to its population and traffic density, Chattogram, the country’s second-largest city and 

main seaport, faces similarly serious risks. As a key contributor to around twelve percent of Bangladesh’s GDP 

through its port (LGED, 2023), Chattogram’s growing population, high traffic density, mixed vehicle types, and 

limited enforcement of traffic rules create hazardous conditions for all road users. 

Poor infrastructure, including the lack of safe crossings, proper intersections, and reliable public transport, has 

made Chattogram’s roads unsafe. From 2020 to 2022, 263 people died in crashes, with fatalities rising from 2.1 

to 2.9 per 100,000 people, many of them pedestrians (Saifuddin, 2023). The Dhaka-Chattogram highway is also 

among the most hazardous, with frequent crashes attributed to poor design and maintenance (Saleh et al., 2015; 

Huq, 2010). Despite these issues, research on Chattogram’s road safety is limited. This study analyzed 304 

accident reports from police stations such as Dohazari, Lohagara, Shatkania, Patiya, and Teknaf. Using a 

Random Forest model, it identifies key factors like road design, weather, time, and causes to help planners and 

policymakers improve safety. The findings support targeted interventions, including improved street lighting, 

traffic control during high-risk times, and safety measures under adverse weather. This study also provides a 

transferable framework for using real-world data and predictive modeling to enhance road safety in rapidly 

urbanizing cities. 

Several factors contribute to the high incidence and severity of road traffic accidents in Bangladesh. Structural 

problems in traffic management, such as weak law enforcement, limited institutional capacity, and political 

neglect, have been identified as major obstacles to sustainable improvements (Sharmeen & Islam, 2011; Kundu 

et al., 2020). Although the total number of accidents decreased slightly after 2015, the severity, measured by 

fatalities per incident, has increased, highlighting the need for more detailed, data-driven safety measures 

(Hossain & Faruque, 2019). 
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Accident severity is usually divided into three levels: fatal, injury, and property damage only (Shen and Wei, 

2021). It is affected by many factors, including road design, weather and lighting conditions, vehicle type, driver 

behavior, and how well traffic laws are enforced (Eboli et al., 2020). Time also plays a role, as crashes at night 

often lead to more serious injuries (Alogaili and Mannering, 2021). Proper street lighting has been shown to 

greatly reduce the severity of accidents (Hossain et al., 2023). The day of the week also matters; Li et al. (2020) 

found through a random parameters logit model that weekend accidents are usually more severe. Road layout 

and traffic control further shape outcomes, as Salehian et al. (2023) reported that crashes occurring away from 

intersections in the United Kingdom were more than twice as severe as those happening at intersections. 

Traditional statistical methods, such as regression and logit models, often fail to capture complex, non-linear 

relationships. Consequently, Machine learning (ML) techniques are increasingly applied in traffic safety research 

to analyze large datasets and reveal hidden patterns. Models like Random Forests (RF), Decision Trees (DT), and 

ensemble methods have shown strong predictive performance. Kodepogu et al. (2023) used RF to predict 

accident severity based on driver behavior, weather, and road surface quality. The “Road Accident Analysis and 

Classification System” (2024) used real-time sensor data to identify accident-prone areas, highlighting weather, 

surface irregularities, and human error. 

Despite advances in traffic safety research, the regional specificity of accident patterns in Chattogram remains 

underexplored. Informal transport modes, including battery-powered three-wheelers, rickshaws, and 

motorcycles, operate largely outside formal regulations and local studies have relied mostly on descriptive 

statistics, lacking predictive analytics and integrated datasets. This study addresses these gaps by using machine 

learning to analyze local accident data, predict the severity of accidents, and determine which factors most 

strongly influence outcomes. The results provide a data-driven understanding of accident patterns, which can 

inform future research and support evidence-based road safety planning. As Chattogram urbanizes, these data-

driven approaches can improve road safety, reduce fatalities, and enhance urban living. 
 

2 Methodology 

 

2.1 Data Collection 

The dataset was compiled from official police reports of road traffic accidents recorded across multiple police 

stations in Chattogram. A total of 304 accident records were collected, representing a mix of locations, times, 

and environmental conditions. 

Each accident record included information on the severity of the accident, which served as the dependent 

variable for the analysis. Severity was categorized based on the outcomes reported in police records which are 

property damage only, injuries and fatal accidents. Independent variables included roadway characteristics such 

as road geometry, presence of dividers, roadside hazards, streetlights, and traffic signage. Additionally, temporal 

and environmental factors were included, such as the day of the week, time of day, weather conditions, and the 

reported cause of the accident. 

All entries were screened for completeness and consistency. Missing or inconsistent data were removed to ensure 

data integrity. As minor (PDO) cases were underrepresented (only 14 records), they were excluded from model 

training to prevent bias and improve predictive stability. Consequently, the dataset used for modeling focused on 

injury and fatal accidents, the categories most relevant for road safety analysis in Bangladesh’s reporting context. 

 

Table 1.  Summary of Data Frequency and Percentage (%) 

 

Variable Description – Frequency (Percentage %) 

Road Geometry Intersection - 260 (86%), Mid-block - 44 (14%) 

Road Divider Present - 82 (27%), Not Present - 222 (73%) 

Roadside Hazards Present - 259 (85%), Not Present - 45 (15%) 

Street Lights Present - 82 (27%), Not Present - 222 (73%) 

Traffic Signage Present - 47 (15%), Not Present - 257 (85%) 

Day of the Week Sun - 41 (13%), Mon - 50 (16%), Tue - 46 (15%), Wed - 36 (12%), 

Thu - 42 (14%), Fri - 46 (15%), Sat - 43 (14%) 

Weather Haze - 103 (34%), Sunny - 69 (23%), Rainy - 57 (19%), Foggy - 29 (10%), 

Cloudy - 46 (15%) 

Time of Day Dawn - 28 (9%), Morning - 75 (25%), Day - 36 (12%), Afternoon - 46 (15%), 

Dusk - 29 (10%), Night - 90 (30%) 

Accident Reason Head-On Collision - 72 (24%), Rear-End Collision - 32 (11%), 

Side Collision - 15 (5%), Collision with Obstacle - 38 (13%), Over speeding - 147 (48%) 
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Variable Description – Frequency (Percentage %) 

Severity Fatal - 191 (63%), Injury - 99 (33%), Property Damage - 14 (5%) 

 

 
 

Figure 1.  Accident Location Map. 

 

2.2 Model Development 

To achieve the study’s objective, a Random Forest (RF) classifier was developed due to its robustness and ability 

to capture non-linear relationships between predictors. The RF algorithm constructs an ensemble of decision 

trees, each trained on different random subsets of data and features. The diversity among trees enhances model 

stability and prevents overfitting. 

The name "Random Forest" derives from the algorithm’s structure, which consists of an ensemble, or "forest," of 

multiple decision trees, and the term "random" reflects the random feature and sample selection employed during 

tree construction.  It is a learning method that aggregates the predictions of numerous individual decision trees 

which enhances predictive accuracy and stability while simultaneously mitigating the risk of overfitting. The 

construction of the forest involves two key processes: Bootstrapping and Feature Subsampling. 

Bootstrapping is when the algorithm generates multiple, independent training subsets by randomly sampling the 

original dataset with replacement. Each individual decision tree is then trained on one of these unique bootstrap 

samples. While feature subsampling is when at each node split within a decision tree, the algorithm considers 

only a random subset of the total predictor variables. This process introduces additional randomness, causing the 

decorrelation of the individual trees and improving the overall model's predictive power. The node splits are 

determined by a metric such as the Gini Index, which quantifies the impurity of a node. The Gini Index (GI) is 

calculated as: 

 (1) 

 

Where C is the number of classes and pi is the proportion of the i-th class within the node. The final prediction 

for a new data point is obtained by a majority vote from all the trees in the forest. The final prediction H(x) is 

given by: 

       (2) 
 

Where x represents the input data, ht(x) is the prediction of the t-th decision tree, and T is total number of trees. In 

addition to its predictive capability, Random Forest inherently quantifies feature importance, providing a score 

that reflects each predictor’s contribution to the model. This is computed as the average reduction in node 
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impurity (e.g., Gini Index) across all trees. Features that produce larger decreases in impurity are considered 

more influential. Using this metric, the analysis identified weather, day of the week, time of day, and absence of 

streetlights as key determinants of accident severity, offering actionable insights for targeted road safety 

interventions. 

For evaluation the dataset was randomly split into 80/20 ratio, where 80% of the data being used to develop and 

train the model and rest of the 20% of the data kept as a test set to evaluate the models predicting capabilities.  

Mainly two performance metrics were used to evaluate the model: accuracy and F1-score. Accuracy serves as the 

foundational metric, quantifying the overall proportion of all correct predictions made by the model. A confusion 

matrix was constructed to provide a more detailed breakdown of the model's performance by categorizing 

predictions into four distinct outcomes: True Positives (TP), True Negatives (TN), False Positives (FP), and 

False Negatives (FN). Within the context of this study a True Positive (TP) is a correct prediction of a fatal 

accident, while a True Negative (TN) is a correct prediction of an injurious accident. Incorrect predictions fall 

into two categories: a False Positive (FP) is a Type I error where the model wrongly predicts an injurious 

accident as fatal and a False Negative (FN) is a Type II error where the model fails to predict a fatal accident and 

misclassifies it as injurious. 

 (3) 

 

The confusion matrix is used to calculate Precision which measures the proportion of correctly predicted cases 

among all predictions for a class, while recall measures the proportion of correctly predicted cases among all 

actual instances. The F1-score for each class, provides a balanced measure that considers both precision and 

recall. A low F1-score for the minority class highlights the model’s difficulty in identifying those cases, showing 

that high overall accuracy may be driven by majority class performance. Macro-averaged F1-score computes the 

unweighted mean across classes, treating each equally, whereas weighted F1-score accounts for class prevalence, 

giving more weight to larger classes. These metrics are especially important for imbalanced datasets to ensure 

minority class performance is properly evaluated.  
 

3 Data Analysis & Results 
 

The following table and figure shows the results of the Random Forest model along with the validation metrics. 

 

Table 2.  Random Forest Model Results and Performance Validation 

 

Class Precision Recall F1-score 

Class 0 (Fatal) 0.973 0.837 0.9 

Class 1 (Injury) 0.667 0.933 0.778 

Macro Avg 0.82 0.885 0.839 

Weighted Avg 0.894 0.862 0.868 

Accuracy 0.862 

 

 
 

Figure 2.  Confusion Matrix and Feature Importance of the Random Forest Model 
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The Random Forest (RF) model was trained using 80% of the processed dataset, with the remaining 20% 

reserved for validation. Minor or property-damage-only (PDO) cases were excluded due to insufficient 

representation, focusing the classification on injury and fatal accidents. 

The model achieved an overall accuracy of 86.2%, indicating strong predictive capability. The confusion matrix 

showed that 36 fatal accidents were correctly identified as fatal (TP), 14 injury accidents were correctly 

classified as injury (TN), while 7 fatal accidents were misclassified as injury (FN, Type II error) and 1 injury 

accident was misclassified as fatal (FP, Type I error). These results suggest that the model demonstrates high 

sensitivity in detecting fatal cases which is critical for prioritizing high-risk conditions in safety management. 

Class-level performance further supports this finding. For fatal accidents (Class 0), the model achieved a 

precision of 0.973, recall of 0.837, and F1-score of 0.900, reflecting a strong ability to correctly identify severe 

crashes with minimal false alarms. For injury accidents (Class 1), precision was 0.667 and recall 0.933, resulting 

in an F1-score of 0.778. The slightly lower precision for injury cases suggests that the model tends to err on the 

side of caution by labeling borderline cases as fatal. This trade-off which is common in imbalanced datasets, 

indicates that while the model is conservative in predicting fatalities, it effectively minimizes the risk of 

overlooking severe cases. 

The macro-averaged F1-score (0.839) and weighted F1-score (0.868) confirm balanced and stable model 

performance across both classes. Together, these metrics demonstrate that the RF classifier generalizes well and 

captures key patterns governing accident severity. 

Feature importance analysis revealed that temporal and environmental factors were the dominant predictors of 

severity. The day of the week (0.226) and time of day (0.188) suggest distinct temporal risk patterns—possibly 

linked to traffic volume fluctuations and driver fatigue during late hours. Weather conditions (0.177) and 

accident reason (0.154) highlight the influence of external and behavioral factors, while absence of street lighting 

(0.058) underscores the elevated nighttime risk in poorly illuminated areas. In contrast, variables such as road 

geometry, traffic control devices, and road dividers had limited predictive influence, implying that contextual 

and human factors may outweigh infrastructural conditions in determining crash severity in Chattogram. 

Overall, the RF model not only demonstrates robust predictive accuracy but also provides valuable insights into 

the interplay of environmental, temporal, and behavioral factors shaping road accident outcomes. These findings 

can support data-driven interventions for urban traffic safety planning and accident prevention. 

 

4 Conclusion 

 

By employing a Random Forest classifier on 304 accident records, this study examined the factors influencing 

accident severity. Temporal and environmental conditions, including day of the week, time of day, weather, and 

absence of street lighting, were found to be the most significant predictors. The analysis underscored the 

potential of targeted interventions, such as improved lighting, traffic control during high-risk periods, and 

preventive measures under adverse weather, to enhance road safety. The study also highlighted limitations in 

accident data collection in Bangladesh, where minor accidents and local incidents were rarely recorded, resulting 

in a dataset dominated by injury and fatal cases on regional and national roads. Despite these challenges, the 

integration of real-world accident data with predictive modeling offered a robust framework for informing 

evidence-based policy and planning, contributing to safer and more resilient urban transport systems. 
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