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Small Target Accurate Vehicle Detection Algorithm Based on
Improved Transformer
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Abstract Intelligent transportation systems have been playing a major role in vehicle detection technology. Recently, the
convolutional neural network (CNN) architecture is a popular method for vehicle detection. However, in complex traffic
situations, only fewer pixels for long-distance small targets are available, and CNN’s subsampling mechanism seems to be
lacking sufficient context information of some extracted features, which gives small target detection great challenges. A
small target vehicle detection algorithm based on a visual Transformer was introduced in this paper to solve the aforesaid
problem. By improving the linear embedding module of the Transformer, information on the small targets was
supplemented. Additionally, the image was constructed hierarchically, and each layer was only related to the part.
Modeling, while expanding, the receptive field, instead of CNN, was conducted to extract more powerful features from
small target vehicles to achieve accurate end-to-end detection. Data was verified using the UA-DETRAC vehicle
dataset. The experimental results showed that the improved vehicle detection algorithm enhanced the detection
performance of small targets at long distances and under severe occlusion conditions and that the detection accuracy
reached 99.0%.

Key words machine vision; vehicle detection; small target; image enhancement; visual Transformer
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Fig. 1 Overall architecture of image enhancement model
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Table 1 Comparison results of different detection algorithm performance
Testset Model Backbone AP /% Time /ms

UA-DETRAC Cascade R-CNN ResNet-101 79.8 48.8
UA-DETRAC YOLOV3 Darknet-53 87.6 42.3
UA-DETRAC Swin-Transformer Swin-T 96. 4 65.3
UA-DETRAC Proposed model Enhance-Swin-T 99.0 68.4
VOC-vehicle Cascade R-CNN ResNet-101 86.7 48. 8
VOC-vehicle YOLOV3 Darknet-53 90.9 42.3
VOC-vehicle Swin-Transformer Swin-T 95.2 65.3
VOC-vehicle Proposed model Enhance-Swin-T 98.1 68. 4
Small-100 Cascade R-CNN ResNet-101 49.3 48.8
Small-100 YOLOV3 Darknet-53 57.9 42.3
Small-100 Swin-Transformer Swin-T 80.4 65.3
Small-100 Proposed model Enhance-Swin-T 88.3 68. 4
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