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Fine-grained image classification algorithm based on
multi-granularity regions shuffle

SONG Siyu', MIAO Duogian'’

(1. College of Computer Science and Technology, Tongji University, Shanghai 201804, China; 2. Key Laboratory of Embedded Sys-
tem and Service Computing Ministry of Education, Tongji University, Shanghai 201804, China)

Abstract: Fine-grained image classification is a challenging task of computer vision due to the high application value in
many reality scenes, having high value in actual application scenarios. The differences in the overall outline of objects
from different sub-categories are slight, and the delicate, discriminative local regions are the key to improve the classi-
fication accuracy. However, these essential local areas may have different scales, which cannot be measured by a single
criterion. Therefore, a multi-granularity regions shuffle module is proposed to help the neural network learn how to find
discriminative details for different scales. The module would first divide the image into local areas with different granu-
larity, and then these regions will be shuffled and reorganized to form a new image, which will also be inputted to the
network. The irrelevance among regions of the new image forces the network to find discriminative local regions under
different granularity and learn from regions. Experimental results of three datasets widely used as benchmarks in fine-
grained image classification show that the proposed module can effectively help the network find discriminative local
regions and achieve excellent performance with no additional information required to be marked on any part of the im-
age.

Keywords: fine-grained image classification; regions shuffle; multi-granularity; deep learning; data augmentation; con-

volutional neural network; weakly-supervised learning; local areas
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Fig. 3 Results of the image after regions shuffle of different granularity
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Table 2 Results of different granularity combination

WEHE IAFE R HEWR/ %
2,7) 90~180 87.9
2, 4) 90~180 87.8
@,7) 90~180 87.7
@, 14) 90~180 87.6

4,7,14) 0~90 88.0

(2,4, 14) 0~90 88.1

(2,7, 14) 0~90 88.1

2,4,7) 0~90 88.3

4,7,14) 90~180 88.1

(2,4, 14) 90~180 88.4

(2,7, 14) 90~180 88.4

2,4,7) 90~180 88.6
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Table 3 Ablation experiment

Jiik HEBIR/%
ResNet-50 855
+Regions Shuffle 87.5
+Multi-granularity 88.6
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Table 4 Comparison results

B SRR/ % CHLEEEEE % 3B %

Bilinear-CNN 84.1 84.1 91.3
KP 86.2 86.9 924
MA-CNN 86.5 89.9 92.8
PC 86.9 89.2 92.9
DFL-CNN 87.4 92.0 93.8
NTS-Net 87.5 914 93.9
DCL 87.8 92.2 94.5
Ours 88.6 92.8 94.7
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