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Abstract: At present, there are still some problems in the multi-label classification algorithm based on deep
learning, such as the relevance between labels needs to be improved, and how to solve the problem that small
targets are more difficult to identify than large targets. In this paper, we propose a multi-label image clas-
sification algorithm that uses the split attention network ResNeSt for feature extraction and uses a dual-branch
Transformer to query class labels. In addition, we use the cross-attention module in Transformer Decoder to
extract the local features adaptively. On this basis, in order to enhance the classification effect of the
Transformer module, we introduce BatchformerV2 to make the Transformer form a double-branch network.
The mAP of the model on the COCO dataset is 88.4%, and the average precision on the VOC2007 dataset
is 96. 0% , which improves the accuracy of multi-label image classification to a certain extent.
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Tab.1 Comparison of the results of each algorithm (448<448)

TR EMG 3 HR mAP/ %
ResNet-101 448X 448 78.3
ML-GCN 448X 448 83.0
MCAR! 448X 448 83.8
Q2L-R101 448X 448 84.9
ASLU 448448 85.0
AR SCE AR 448X 448 87.0
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Tab. 2 Comparison of the results of each algorithm (576 X576)

il EMG 3 PR mAP/ %
SSGRL 576 X576 83.8
C-Trans™® 576 X576 85.1

ADD-GCN 576 X576 85.2
Q2L-R101 576 X576 86.5
AR S R 576 X576 88.4
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mAP/ %
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aero 99.1 99.5 99.7 99.9 99.9
bike 97.3 98.5 98.4 98.4 99.1
bird 96.2 98.6 98.0 98.9 99.2
boat 94.7 98.1 97.6 98.7 98.7
bottle 68.3 80.8 85.7 86.8 86.4
bus 92.9 94.6 96.2 98.2 98.8
car 95.9 97.2 98.2 98.7 98.6
cat 94.6 98.2 98.8 98.5 99.1
chair 77.9 82.3 82.0 83.1 84.5
cow 89.9 95.7 98.1 98.3 98.6
table 85.1 86.4 89.7 89.5 89.5
dog 94.7 98.2 98.8 98.8 99.1
horse 96.8 98.4 98.7 99.2 99.2
mbike 94.3 96.7 97.0 98.6 99.1
person 98.1 99.0 99.0 99.3 99.4
plant 80.8 84.7 86.9 89.5 88.2
sheep 93.1 96.7 98.1 99.4 99.7
sofa 79.1 84.3 85.8 86.8 87.0
train 98.2 98.9 99.0 99.6 99.8
tv 91.1 93.7 93.7 95.2 96.0
mAP 90.8 94.0 95.0 95.8 96.0
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Tab.4 Comparison table of ablation experiment indicators
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