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Fine-Grained Image Classification with Multi-channel Visual Attention

Wang Peisen, Song Yan, Dai Lirong

(National Engineering Laboratory of Speech and Language Information Processing, University of Science and Technology of China,

Hefei, 230027, China)

Abstract: Visual attention mechanism has been commonly used in state-of-the-art fine-grained classifica-
tion methods in recent years. However, most attention-based image classification systems only apply single-
layer or part-specified attention feature, with simple multiplication-based attention applying method, which
limits the information provided by the attention. This paper presents a multi-channel visual attention based
fine-grained image classification system. Multi-channel attention features are extracted from the image and
applied to low-level features, with subtraction of mean values corresponding to each layer of attention for
high-order representation, making the model an end-to-end optimizable deep neural network architecture.
On multiple commonly used fine-grained classification datasets, the presented method outperforms state-of-
the-art methods with a large margin.

Key words: image classification; fine-grained image analysis; visual attention; image representation; deep

learning
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Fig.1  Structure of multi-channel attention based fine-grained image classification model
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Tab. 1 Classification accuracies of different methods on CUB-200-2011 dataset

i fi bR AKE I/ %
PB R-CNN™ £ 18 & L AL 73.9
SPDA-CNN (ol S 85.1
Mask-CNN (VG G-16)" Az 85.4
Mask-CNN (ResNet-50) BB AL 87.3
Two-level™ 77.9
CB-CNN 84.0
B-CNNU 84.1
ST-CNNP 84.1
PDFS! 84.5
RA-CNN® 85.3
ATy 87.5
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Tab. 2 Classification accuracies of different methods on FGVC-Aircraft and Cars datasets

VRS Aircraft t98 48/ %0 Cars 5l 5/ %
Chai &A™ 72.5 78.0
Fisher Vector®” 80.7 82.7
B-CNN"'[D, M] 83.9 91.3
B-CNN [D, D] 84.1 90.6
ATk 88.4 92.5
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Tab. 3 Classification accuracy for the proposed model with different number of channels of the attention

weight on CUB-200-2011 dataset

B AU L3 1 R GrIRE A E/ V4
4 78.4
8 85.6
16 87.0
32 87.5
64 87.6
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Tab. 4 Comparison of different models’ feature vector length and classification accuracy

I A 1] 2t 2 )3 Gy NG/ V%
CNN-FC 4096 66.1
CNN-IFV# 51 200 64.2
B-CNN! 2. 6e5 84.0
CB-CNN-RM"? 8192 83.8
CB-CNN-TS!" 8192 84.0
AT F(K=16) 8192 87.0

AR5 (K=32) 16 384 87.5
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