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Abstract: To enhance the automatic detection performance of road traffic accidents in nighttime
scenarios, a VSSM-CNN encoder-decoder architecture was constructed based on a visual state
space model (VSSM) and a convolutional neural network (CNN), and an unsupervised traffic
accident detection framework oriented to this scenario was proposed. By referencing the idea of
feature fusion and based on existing visible-light images as appearance features, fine-grained
optical flow information of video sequences was further extracted and processed using a recurrent
all-pairs field transform (RAFT) optical flow estimation algorithm combined with a convolutional
long short-term memory (ConvL.STM) module to represent traffic motion states. The two types
of features, appearance and motion, were fused and input into a feature encoder with the VSSM
as a backbone network for global feature extraction, and a CNN was adopted as a decoder
architecture to recover images layer by layer to enhance local details, so as to strengthen feature
extraction efficiency and utilization effects. A triple loss function combination of mean squared
error, mean absolute error, and structural similarity was adopted, and weight proportions were
determined through Bayesian optimization to improve the robustness of the model to abnormal
structures and noise during nighttime image reconstruction. Research results indicate that the
area under the receiver operating characteristic curve (ROC-AUC) and area under the precision-
recall curve (PR-AUC) of the proposed method are 0.818 and 0.765, respectively, which
improve by 22.6% and 20.3%, respectively, compared with traditional generative networks;
among them, the ROC-AUC achieves the highest value in the comparison with multiple existing
methods; the triple loss function shows the strongest model performance improvement ability in
ablation experiments; the research method achieves the lowest model complexity and a favorable
detection speed, fully demonstrating its stability in anomaly recognition and potential for
deployment and application. The research results effectively improve the traffic accident detection
ability in nighttime scenarios, can be further extended to traffic accident detection in low-
illumination and low-visibility scenarios, and provide a feasible technical solution and reference
for related applications.
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Fig. 4 Comparison of extraction effects of different optical flow estimation methods on self-collected data
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Fig.5 Anomaly score curves for accident detection
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Fig. 6 Accident samples under nighttime conditions and their heatmaps of reconstruction error distributions
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