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Improved YOLOvVS8 Bird Recognition Algorithm Integrates
ViT and Multi-scale Attention

ZHANG Qiang, ZHANG Can-zhi, CAO Heng, YUAN Teng-jiao
(College of Air Traffic Management, Civil Aviation Flight University of China, Deyang 618300, China)

[ Abstract] In order to solve the problems of inaccurate dense target recognition and difficult detection of small targets in bird recog-
nition, a bird recognition algorithm based on improved YOLOv8 was proposed. Firstly, in order to solve the problem of difficult dense
object recognition, the multi-scale linear attention mechanism EfficientViT was used to replace the backbone network to realize the
global receptive field and multi-scale learning, improve the performance and efficiency of the model, and improve the dense object rec-
ognition effect. Then, in order to solve the problem that it is difficult to detect small target birds and is prone to missed detection, an
efficient multi-scale attention EMA ( efficient multi-scale attention) mechanism was introduced to realize cross-dimensional aggregation
features through channel recombination, so as to better capture global information, realize multi-scale feature fusion, and reduce the
probability of missed detection. The experimental results show that the mAP50 of the improved model on the benchmark dataset CUB-
200-2011 and birds28 reaches 77. 1% and 88.4% , respectively, which is 4.5 and 5.4 percentage points higher than the original
YOLOv8 model, respectively, which verifies the effectiveness of the improved model.

[ Keywords ] bird recognition; multi-scale attention; dense target recognition; YOLOvS ; EfficientViT; EMA
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Fig. 1 Inter-class and intra-class differences
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T mAP50  mAP50-95 %i?/ GFLOPs
YOLOV8 0.726 0.62 3.37 9.9
YOLOv8-EMA 0.742 0.64 3.38 10
YOLOv8-EfficientViT ~ 0.756 0.642 4.37 11.2
YOLOv8-EfficientViT-
0.771 0.654 4.39 11.3
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Table 4 CUB-200-2011 data set model comparison experiment
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(el mAP50  mAP50-95 %’%ﬁfﬁ/ GFLOPs
YOLOV5 0.687 0.580 2.87 8.9
YOLOv6 0.666 0.572 4.68 14.0
YOLOv8-ghost 0.716 0.615 2.08 6.8
YOLOv8-ghost-EMA  0.718 0.611 2.68 8.2
YOLOv8-BiFPN 0.749 0.639 3.15 9.9
Resnet18 0.770 0.642 13.69 36.9

YOLOv8-EfficientViT-

EMA 0.771 0.654 4.39 11.3
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YOLOvS-ghost-EMA  0.808  0.569 173 5.2
YOLOVS-BiFPN  0.836  0.598  2.79 8.3
Resnet!8 0.795  0.53  13.33 351
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