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Abstract

In view of large intra-class differences, small differences between classes and the problems of de-
pendency on data annotation in fine-grained images, an algorithm based on saliency fusion to im-
prove fine-grained image classification is proposed. This paper introduced a two-input deep neur-
al network, which integrated two components in a single framework: the salient feature fusion
structure and the feature extractor. Firstly, the SALICON saliency detection algorithm is used to
generate the saliency map. The original RGB image is fused with the saliency map according to the
fusion network structure. Secondly, in order to make full use of higher resolution, the modulation
potential of the salient features, maximum pooling operation is used to reduce the dimensionality
of the data space so that the modulation potential of higher resolution salient features can be fully
utilized. Finally, with the help of migration learning, the deep neural network model Incep-
tion_V3.0 pre-trained on the ImageNet dataset is used as the basic feature extraction model to ex-
tract high-level semantic features. The comparison experiments in the public datasets CUB200-2011
and Stanford Dogs show that the classification accuracy of the algorithm is 84.36%, 84.94%, com-
pared with Part R-CNN, LRBP and other mainstream fine-grained classification algorithms, this
method can achieve better classification results.
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Figure 1. Saliency diagram generated by different significance detection algorithms
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Figure 2. Traditional machine learning
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Figure 4. The overall structure of a two-input deep neural network based on saliency fusion
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Figure 5. Flow chart of the network model training algorithm
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Table 1. Classification accuracy on the Stanford Dogs dataset

= 1. Stanford Dogs ¥#E&E LM SOEME

NGRS Accuracy (%)
PD [19] 75.00
Part R-CNN [11] 73.89
A1 CNN [12] 75.70
B-CNN [17] 82.66
RA-CNN [18] 85.05
DVAN [20] 80.23
FCAN [21] 81.57
AR EE 84.36

Table 2. Classification accuracy on the CUB-200-2011 dataset
% 2. CUB-200-2011 & LR 5 SERREE

N Gik-A73 FRVERE bR Accuracy (%)
Part R-CNN [11] N V 79.89
P4k CNN [12] V J 80.73
Two level attention [13] 82.95
B-CNN [17] 84.10
HSnet [14] \ \ 85.69
LRBP [22] 83.57
ACEE 84.94
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4.3.2. R[E] CNN EEEERRIRBIMER 247

ASZIG 4y R B B2 A8 RUR 2% 458 VGG16, ResNet50, Inception V3, Inception ResNet
F DenseNet 1 A J5 B 43 SC A HE X2 2544, b A A AP 3 BIUK 3 2888 SR S0 5 K ) CONIN 7k o] 4 A5 7
25,000 MIZRFEA ML F 250 2575 %5 4E 25500 5K BME 1 Cars 048 42 R L, RN 5 28 30 R ECh
100, £ CUB-200-2011 a4 s BEHLEH 500 NI EUEAE A AE AR . SR AAE 500 AN A< A il i
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Table 3. Classification accuracy of different CNN models on different datasets

3. TR CNN REVERMEIRE LR S LETE

oY) 4% &5 44 Cars Birds ARG (pic/s)
VGG16 0.581 0.682 1.34
VGG16 + Salienc 4332 (SALICON) 0.603 0.721 2.78
ResNet50 0.642 0.755 3.12
ResNet50 + Saliency 43 3 (SALICON) 0.687 0.768 423
Inception_V3 0.701 0.761 3.85
Inception_V3 + Saliency 4} % (SALICON) 0.724 0.789 4.43
Inception_ResNet 0.718 0.770 6.16
Inception_ResNet + Saliency 4332 (SALICON) 0.741 0.793 7.91
DenseNet 0.731 0.781 6.72
DenseNet + Saliency 73 3Z(SALICON) 0.753 0.802 8.31

e 3 o, BEAE EURBEINTR, BRI R UER BEAAAE AN RIRE FE B T . B4k F X 28 4544 DenseNet
)5 KRR L, Inception_V3 Fll ResNet50 M2 54 1) 73 KRR REAH ZE A K, FE73RHKEE Bk, VGGl6
W2 SR PR RE IR 25 o (B S8 TR FE IR PR (RTINS o) B S 34 00, AP T4 VR 31 3 P R 43 28 A FE VR N
EETahr, BRAEERF Inception V3 1EAIEREMI 4%,

4.3.3. A EIREFMHRNE LR E&R X

KT AR W) EE R E S A R E R, HWEREZEXEERRKR, OF L1 TR,
3k B L R A AL B, AR ST Inception V3 VR A JERMAR AL SREL M 4%, 7E 1S K B 4R
CUB-200-2011 F3F47 & FhAS [l X0 L 5256 4H
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Figure 8. Comparison of different significance detection algorithms
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