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Scene Recognition Method Based on Multi-level Feature Fusion and Attention Module

XU Hua-jie'* , QIN Yuan-zhuo' and YANG Yang'
1 College of Computer and Electronic Information, Guangxi University, Nanning 530004 , China

2 Guangxi Key Laboratory of Multimedia Communications and Network Technology,Nanning 530004 , China

Abstract Scene image is usually composed of background information and foreground objects. Convolutional neural network
(CNN) used for scene recognition task usually needs to recognize the category of scene according to the characteristics of key ob-
jects in the scene,or even combined with the position relationship between objects. Aiming at the problem that the key target fea-
tures of small size in the scene image gradually disappear with the deepening of the network level, which leads to scene recogni-
tion errors,a scene recognition method based on multi-level feature fusion and attention module is proposed. Firstly. the feature
extraction part of the deep neural network ResNet-18 is divided into five branches,and then the multi-level features of the output
of the five branches are fused,and the fused features are used for scene recognition and classification to make up for the lost tar-
get information. Secondly.an improved attention module is added to the network to achieve the purpose of focusing on learning
the key targets in the scene image,so as to improve the recognition effect further. Experimental results on several scene datasets
show that the recognition accuracy of the proposed method on MIT-67, SUN-397 and UIUC-Sports scene datasets reaches
88.2%,79.9% and 97. 7% respectively, which is higher than the current mainstream scene recognition methods.

Keywords Scene recognition,Convolutional neural network, Feature {usion, Attention module
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Fig.1 Feature maps from different layers of ResNet-18
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Fig. 2 Multi-level feature fusion network
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Table 1 Comparisons between M-CNN and ResNet-18 models

Model MIT-67 SUN-397 UIUC-Sports
ResNet-18 74.6 63.6 89.2
M-CNN 79.3 72.9 91.7
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Fig. 6 Examples of prediction score comparisons between M-CNN
and ResNet-18
4.2.2 EFTABBER R

Sy 7 M-CNN A1 i1 33 78 5 B3 SSCBAM 7R T, 4
Lt M-CNN fE L g (@ 2 Ayl 4 A~ ik
i S-CBAM B, HAT & 4 Jr) P35 b Ak J2 R4 3 45 2 LA
CBAM il A S-CBAM ix 3 i it T XT3 5t £ 4l 48 19 i1 5
TEAG R, MU 3 Bt A9 7 2 T B SSCBAM IR, S0 56
RN 2 g,

F 2 TER IR M R Y gL

Table 2 Comparisons of recognition accuracies of attention modules

Model MIT-67 SUN-397 UIUC-Sports
M-CNN (No S-CBAM) 79.3 72.9 91.7
M-CNN+CBAM 84.5 76.4 96. 4
M-CNN+S-CBAM 88.2 79.9 97.7
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Table 3 Comparisons of the recognition accuracies on
MIT-67 datasets
(AL 20D
Model MIT-67

RF-CNNs!?) 72.4
G-MS2FHY 79.6
MVML-LSTM'®] 80.5
Bai 4118 80. 8
CS(VGG-19H! 82.2
LS-DHM!Y 83.8
Proposed 88.2

4 SUN-397 B4l 4 b i 00 v B SR Xt

Table 4 Comparisons of the recognition accuracies on SUN-397

datasets
CHLAT . %)
Model SUN-397

Bai %118 59.5
MVML-LSTM® 63.0
G-MS2FH] 64.1
CS(VGG-19) 1) 64.5
LS-DHMMH 67.6
Proposed 79.9

# 5 UIUC-Sports £U4R 4 1 09350 e 2 4 L

Table 5 Comparisons of the recognition accuracies on
UIUC-Sports datasets
AT )
Model UIUC-Sports

Meng a[20] 83.0

Goctz! 83.1

LPRE?? 86.5

LCST-LDA-CNN'23J 91.5

RF-CNNsH 94,9

Proposed 97.7

t28 3 AT, A SC R 7E MIT-67 YR BIZR A 88. 2%,
It LS-DHM Jy ik 4. 4% s & 4 Al A1, A 305 2 78 SUN-
397 LRYIRBIER N 79. 9%, 1 LSDHM JrikaEihh 12.3% 5 i1
5 W[, AR 7 ¥ A8 UTUC-Sports b BRI Hy 97. 7%,
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