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A Fine Grain Image Recognition Method Based on Distinguishable
Region Location

YANG Hong ,FAN Yong
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Abstract; The goal of fine—grained image recognition is to distinguish sub—class objects in large class objects. Because of the subtle
differences between sub-class objects, fine—grained image recognition is more difficult. For this reason,a fine—grained image recognition
method based on differentiated region location is proposed. Firstly, the Bayesian Personalized Ranking Loss ( BPRLoss) supervised
region proposes that the network proposes some important local regions, and then uses the feature extractor introducing the efficient
channel attention module to extract the fine—grained features of the local regions for recognition. At the same time, the tag smoothing
strategy is used to make the same class close and different classes far away to monitor the different characteristics of the network learning
objects, and further promote the network location to distinguish regions. The experimental results show that the proposed method has
achieved high recognition accuracy on three common fine - grained image recognition data sets CUB -200-2011, FGVC Aircraft and
Stanford Cars,which are 89. 0% ,93. 9% and 94. 3% , respectively. Compared with the navigation network ( NTS - Net), it has
significantly improved by 1.5 percentage points,2. 5 percentage points and 0. 4 percentage points respectively. At the same time, the
proposed method is more effective than NTS—Net in locating and distinguishing regions and extracting fine—grained features of images.
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(RPN) " 5 180 P 1% 10 72 X skt A7 00, NTS -
Net'™' 75— 2 FR B L g o 1 LA 2 07 590 75 ZE 80 A b
S IR)

fH &, NTS - Net'® % i #Y Hinge Loss ¥ LA {ifi
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IR 27> R BN 0. 001, A3 FE 2k % # 4 0..000 1,
) A 60 epoch e Lh 0.1, batchsize K/NKE N
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PEMYFR AR R Top-1 HERHR
3.3 EWERS

K2R T Xk S — &Rk 7E CUB-
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0.4 HA SR 0.1 H 4y 5, A PCA - Net W 7£
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Top-1 Accuracy/ %

Methods Backbone

CUB Air Car

B-CNN'%! VGG 85.1 84.1 91.3
RA-CNN'3! VGG 85.3 88.5 92.5
MA-CNN'®] VGG 86.5 89.9 92.8
DFB! 4] VGG 87.4 91.7 93.1
NTS-Net'®)  ResNet-50 87.5 91.4 93.9
TASN!") ResNet-50 87.9 - 93.8
CIN'24] ResNet-50 87.5 92.6 94.1
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Ours 89.0 93.9 94.3
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