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Bill detection based on improved YOLOVS algorithm

HU Jing, HE Jingjiao, GONG Yu, WANG Junfeng
(School of Mechanical Engineering, Hefei University of Technology, Hefei 230009, China)

Abstract: In the whole process of bill recognition, object detection for different types of bills is a key
step. In order to realize the rapid detection of the types and positions of different types of bills in the
daily reimbursement process, this paper proposes a bill detection method based on the improved
YOLOV5 algorithm. The collected images are preprocessed to simulate the possible interference infor-
mation in the bill detection and improve the robustness of the training model. With the help of CSP-
DarkNet53 network for feature extraction, the SloU target position loss function based on the four ge-
ometric parameters of coincidence area, center point distance, aspect ratio and angle is used to improve
the original loss function, so as to improve the accuracy of YOLOv5 bill detection, and build a bill de-
tection model. Finally, the effectiveness of the bill detection based on the improved YOLOv5 algo-
rithm is verified through the actual test set. The experimental results show that the method has high
mean average precision(99. 20%) and detection speed(51 frames per second), and can meet the re-
quirements of practical application scenarios.
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