
Traffic Accident Prediction with Recurrent 

Neural Networks 
Ms. Monika Verma, Dept. of Electronic & Communication Engineering 

Rabindranath Tagore University, Bhopal 
Abstract: - Traditional Neural Networks (NNs), the RNN method is more 
effective for sequential data, and traffic accident records are expected to capture 
temporal correlations. A systematic grid search was conducted to test several 
network architectures and configurations to determine an optimal network for 
predicting traffic accident injury severity. The network architecture chosen 
consisted of a coating of Long-Short Term Memory (LSTM), two fully connected 
(thick) nodes, and a layer of Softmax. Next, the dropout method with a probability 
of 0.3 was implemented to prevent over fitting. The network has also been taught 
with an algorithm for Stochastic Gradient Descent (SGD) (training frequency= 
0.01) in the Tensor flow framework. Furthermore, an RNN model sensitivity 
analysis was performed to determine the effect of these variables on the results of 
accident occurrence. In addition, to know its benefits and constraints, the suggested 
RNN model was contrasted with Multilayer Perceptron (MLP) and Bayesian 
Logistic Regression (BLR) designs. Comparative analytical results showed that the 
RNN model exceeded the MLP and BLR models. 
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 Introduction: - 
Neural Network (NN) and profound teaching techniques in transport associated 
apps have been explored in several studies. Abdelwahab and Abdel-Aty, for 
example, used NN to predict severity of driver injury from various accident 
factors (i.e. driver, vehicle, road and environmental characteristics). The NN 
model created faster than the ordered probit model in their research. In another 
document, using important parameters introduced NN to design accident 
seriousness of highway crashes. The NN system was used to forecast the 
seriousness of accident, leading in a small general precision of 40.71%. More 
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lately, a new principle was suggested by Hashmienejad and Hasheminejad to 
predict traffic accident instead of conventional data mining.  
The primary new feature of this paper is the creation of an RNN system which 
correctly forecasts road crash injury seriousness using the spatial framework of 
crash information. The specific goal is to design a model of deep learning using 
an RNN to predict traffic accidents with severity. A comprehensive grid search 
technique will select the model's hyper parameters. Furthermore, the sensitivity 
of model parameters and settings will be evaluated and then contrasted to the 
well-known Multilayer Perceptron (MLP) and Bayesian Logistic Regression 
(BLR) designs in order to comprehend the advanced model. 
 

 Network framework: - 
The network's main input is a set of factors related to traffic accidents and the 
output is the corresponding accident severity classes (i.e. only property damage, 
possible / evident injury, disabling / fatality). Eight (amount of entry variables) 
with 64 vertices are the output aspect of the LSTM unit. A weighted sum of 
both inputs from prior and current cell outputs is obtained through the 
activation function for the revised linear unit (ReLU) of each node in the LSTM 
unit. The ReLU[1]–[3] calculates the f(x) = max(0, x) value. This activation 
function accelerates the Stochastic Gradient Descent (SGD)[4]–[8] convergence 
compared to the sigmoid / tanh functions. Moreover, as in the situation of 
sigmoid / tanh features, it can be applied without costly activities. Then, on top 
of the LSTM layers[9]–[12], two fully connected layers were trained. They 
have been introduced to suit the LSTM membrane yield and the magnitude of 
the categories of crash seriousness. The output layer was a fully connected layer 
of feed-forward and used to map the learned features directly to the three 
classes of accident severity. 
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The high-level architecture of the proposed RNN model used in this study 

 

 Conclusion: - 
A model of the Recurrent Neural Network (RNN) was developed in this paper 
to predict traffic accident injury severity on the NSE. A comprehensive map 
quest for the suboptimal network hyper-parameters determined an optimized 
network architecture. Several RNN model hyper-parameters were critical to 
achieving the greatest precision of validation. The SGD with training speed, 
momentum, and weight loss of 0.01, 0.80, and 0.9 was determined to be the 
finest optimization algorithm. Furthermore, the dropout method assisted us to 
decrease the model's difficulty as well as the opportunity to over-fit the 
coaching dataset. Compared to the MLP and BLR models, the RNN model 
achieved the best validation accuracy of 71.77 percent. 
This suggests that extra data on temporal and contextual correlations between 
crash documents might assist the RNN model work faster than the other 
designs. The highest precision was accomplished with process duration of 2, in 
the sensitivity analysis of the RNN response size, whereas the precision was 
reduced with the use of a test size of 10 or 5.  
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