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Abstract 

 
Traffic accident severity prediction plays a crucial role in enhancing road safety and guiding preventive 

measures. However, traditional machine learning models often fail to quantify the uncertainty 

associated with their predictions, limiting their reliability in real-world applications. This study proposes  

Bayesian deep learning models for predicting traffic accident severity while estimating predictive 

uncertainty. Using ten years of UK accident data containing over one million records, we selected one 

target label and twelve key features including road, environmental, and driver-related factors to predict 

accident severity. The proposed model effectively demonstrated prediction reliability and meaningful 

uncertainty estimation through variance analysis of Monte Carlo samples. This approach shows strong 

potential for integration into intelligent transportation systems and autonomous vehicle decision-making 

frameworks, where both accuracy and reliability are essential for risk-aware decision processes. 
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1. Introduction 

Traffic accidents remain a major global safety 

concern, causing significant human and 

economic losses. Predicting accident severity is 

vital for proactive traffic management and the 

development of intelligent transportation 

systems (ITS). Recent advances in deep learning 

have significantly improved predictive 

performance across various domains, but the 

“black-box” nature of neural networks has raised 

concerns about their interpretability and 

trustworthiness, especially in safety-critical 

systems. Bayesian Deep Learning addresses this 

issue by combining deep neural networks with 

probabilistic inference, allowing models to 

estimate uncertainty in their predictions [1][2]. 

Uncertainty can be categorized into two types: 

aleatoric uncertainty, which arises from data 

noise, and epistemic uncertainty, which results 

from the model’s limited knowledge or 

parameters. 

In this study, we propose Bayesian deep learning 

models for traffic accident severity prediction 

that incorporate uncertainty estimation into the 

decision-making process. By leveraging ten 

years of historical UK accident data, the 

proposed model not only classifies the severity of 

traffic accidents but also evaluates the 

confidence of each prediction. In this study, we 

focus on modeling epistemic uncertainty, which 

reflects the confidence of the model arising from 

limited knowledge and parameter uncertainty. 

This approach contributes to building more 

reliable and interpretable risk assessment 

systems, which can be integrated into 



Sunghwan Kim et al.: Bayesian Deep Learning Approach for Traffic Accident Severity Prediction with Uncertainty Estimation  

autonomous driving and traffic management 

applications. 

2. Proposed Methodology 

2.1 Dataset and Preprocessing 

This study utilized the UK Road Accident 

dataset, which contains approximately 1,048,575 

recorded traffic accidents over a ten-year period 

(2005–2014) [3]. The dataset provides rich 

contextual information describing accident 

circumstances, vehicle attributes, and driver 

characteristics. From the original variables, 

thirteen items were selected, including 

geographical coordinates (Easting, Northing), 

number of vehicles, number of casualties, 

accident severity, road class, light and weather 

conditions, road surface conditions, vehicle type, 

driver age and gender, and accident time. 

Accident severity was used as the target label, 

while the remaining twelve variables were used 

as input features for prediction. For temporal 

categorization, the “Accident Time” variable was 

converted into binary form: accidents between 

06:00 and 18:00 were labeled as daytime (1), and 

those between 18:00 and 06:00 as nighttime (2). 

Each feature was normalized to enhance learning 

stability and convergence during training. Data 

preprocessing also included removal of 

incomplete records and encoding of categorical 

attributes into numerical representations. 

2.2 Bayesian Deep Learning Model 

The proposed framework adopts a Bayesian 

Neural Network (BNN) architecture to predict 

traffic accident severity while estimating 

predictive uncertainty. Unlike conventional deep 

neural networks that yield deterministic outputs, 

BNN models can show uncertainty by treating 

network weights as random variables with 

probabilistic distributions. This allows the model 

to infer both the most probable prediction and its 

confidence level. 

In this study, Monte Carlo Dropout was 

employed as an approximation technique to 

perform Bayesian inference efficiently. Dropout 

layers were applied during both training and 

inference to sample multiple model realizations, 

approximating the posterior distribution of 

network weights. Each forward pass during 

inference produced slightly different predictions, 

and the mean and variance of these predictions 

were used to estimate both expected severity and 

associated uncertainty. 

The network architecture consisted of an input 

layer with twelve nodes corresponding to the 

selected features, followed by multiple fully 

connected hidden layers with a Rectified Linear 

Unit (ReLU) activation and dropout 

regularization. The output layer employed a 

softmax function to classify accident severity 

levels. Model performance was evaluated based 

on prediction accuracy and variance distribution 

across Monte Carlo samples. The observed 

variance served as a quantitative measure of 

model confidence, enabling risk-aware 

interpretation of prediction outcomes. Through 

this approach, the Bayesian framework 

demonstrated effective uncertainty 

representation and reliable predictive behavior in 

real-world traffic accident scenarios. 

3. Experimental Results  

The Bayesian deep learning model was trained 

using the preprocessed UK accident dataset with 

a training–validation–test ratio of 6:2:2. During 

the training phase, dropout regularization was 

applied to prevent overfitting and to support 

Bayesian inference through Monte Carlo 

sampling.  

The performance of the Bayesian Neural 

Network was evaluated using Monte Carlo 

Dropout during inference. By sampling multiple 

stochastic forward passes, the model produced 

predictive distributions rather than single 

deterministic outputs. The ensemble of these 

samples allowed for the computation of both the 

mean prediction and its variance, serving as a 

quantitative measure of uncertainty. 

 

Hyper Parameter Value 

Batch Size 128 

Dropout 0.3 

Loss Function                                              
categorical 

      cross entropy 

Optimizer Adam 

Learning Rate 0.001 

 Table 1.  Experimental Hyperparameter Settings 

 

Bayesian deep learning models were 

implemented and trained using the optimized 

hyperparameter configuration summarized in 

Table 1. These parameters were empirically 
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tuned to balance prediction stability and 

generalization under uncertainty-aware learning. 

 

Models Accuracy 

DNN 84.8% 

RNN 87.2% 

Bayesian DNN 85.0% 

Bayesian RNN 87.6% 

Table 2.  Model Accuracies Comparison 

 

The comparison in Table 2 shows that 

recurrent neural network (RNN) models, 

including the Bayesian recurrent neural network, 

outperform conventional feed-forward deep 

neural networks (DNNs) such as the standard 

DNN and the Bayesian DNN, highlighting the 

benefit of temporal feature representation. The 

Bayesian variants provide improved 

generalization through uncertainty modeling, 

with the Bayesian RNN achieving the best 

overall performance and offering more reliable 

severity prediction. 

For the test case in Table 3, the predicted class 

= 3 matched the true label = 3, confirming 

accurate classification with moderate variance 

levels across Monte Carlo samples. The small 

variances (<5%) in the dominant class indicate 

stable and reliable inference, whereas minor 

probabilities assigned to other classes reflect the 

model’s awareness of potential ambiguity. 

 

Class 
Posterior 

Probability (%) 

Variance 

(Uncertainty) 

0 1.0 0.54 

1 1.2 0.71 

2 12.0 3.52 

3 85.8 4.17 

Table 3.  Posterior Probabilities and Uncertainty 

Estimates for a Test Case 

 

The posterior probability distributions for each 

severity class are illustrated in Fig. 1, showing 

distinct predictive results across the four severity 

levels (0–3). Class 0 and Class 1 exhibit narrow 

probability distributions concentrated near zero, 

indicating that the model confidently 

distinguishes these minor accidents from severe 

cases. In contrast, Class 2 and Class 3 show 

broader and more right-shifted distributions, 

reflecting higher probabilities of severe 

outcomes. The distribution of Class 3 peaks 

around 0.8–1.0 suggests a strong model 

confidence in identifying a severe accident.  

 

Fig. 1.  Probability distributions and Uncertainty 

Estimates for each accident severity class (0–3). 

4. Conclusions 

This study proposed a Bayesian deep learning 

framework for traffic accident severity prediction 

with uncertainty estimation. Using UK accident 

data, the model captured key risk factors and 

provided probabilistic confidence through Monte 

Carlo Dropout. Results showed improved 

interpretability and reliability over conventional 

models, suggesting strong potential for risk-

aware applications in intelligent transportation 

systems. 
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