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Algorithm research on garbage image classification based on CBAM-EfficientNet
YE Chong, YANG Jingdong
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Shanghai 200093, China)

[ Abstract] For the garbage classification data set, this paper uses the migration parameters of Imagenet data set to initialize the
efficient net model. Compared with the classical VGG and resnet50 models, it gets higher generalization performance and accuracy.
In order to reduce the negative effect of the feature parameters of the source domain data set on the feature parameters of the target
domain data set, this paper adds the CBAM attention mechanism to enhance the important features and ignore the invalid features,
and uses the batch normalization and random deactivation module to accelerate the network training and reduce the degree of over
fitting, so as to obtain a high—performance and efficient CBAM efficientnet Garbage classification model. The experimental results
show that the garbage classification accuracy based on efficient net model is more than 5% higher than the classical VGG and

resnet50 models, and the CBAM-EfficientNet proposed in this paper is further improved by 2.5%.
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Fig. 1 Structure of EfficienNet B0
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Fig. 3 Eficientnet structure based on CBAM attention mechanism
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Fig. 4 Statistical picture of data set
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Fig. 5 Data enhancement results
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Fig. 6 Comparison of network training accuracy

35 efficient—net
’ resnet
3.0 Vee
2.5
2.0
1.5
1.0
0.5
0
0 5 10 15 20 25 30

B 7 M4 loss XL B

Fig. 7 Comparison of network training loss



222 B o /5 M5 MM 1K
SRyt —2E 1R IS N R B B9 R, AR S P

FHT Grad—=CAM"™ (Grad—CAM 2 42 ) i —Fil
ATAAR T A AR B T B2 rh 2 (B Y
HEE) XA R TR, aniEl 8 iR, Hidr K]
8(a) NEH,IE 8(b) H EfficientNet )5 — ZFEE
RTS8 (c) IAETYINZR M4 Hhom A H 38 B
FENE e — 2T e ss 5, hE 8 nfll&
I B IHUES , AR O A, HaZ K
PRI TR S i A B ey 2P I T T 3
B HUHRIAE EfficientNet 281G %0k

(a) HA (b) =M (c) WIZEE &
(P =0.12) M4 (P = 0.46)
(a) Input (b) EfficientNet (¢) CBAM-EfficientNet

(P =0.12) (P =0.46)
B8 BEGR=EEEEARLERE
Fig. 8 Visualization results of image spatial importance

& Ja, A XX T Efficient — net 1 CBAM -
EfficientNet 7EIUAE T AGHERT R AR /N, 2558 I,
1, mE 1 ATLULE, A CBAM 2 HHLH S, £
SRAEHL S R A TN, ER R0 B B R AIE T
1%, 3% H w0 R T T 2.5%, WEB T CBAM -

EfficientNet 7ERLIR USRI IAIRSR LA R,
F1 BRI

Tab. 1 Comparison of model results

St BRI/ T HIZTES
Efficient—net b0~ 42.1 M 9.98 fps 89.6%
CBAM-EfficientNet ~ 45.6 M 9.92 FPS 92.1%

3 RIB

ARSCFs EfficientNet W25 1 FH 357 ¢ RS o0 250
PaEET 35 VGG Hl Resnet WZ&HE1T T X H, 556
R R EfficientNet 415 T VGG 1 Resnet 45 H
A e AR R AE S B R RS BT XTI
R S RAE AR IBOAN T8 0 TR E , AS SCAE AN 2R 0 4 v fin
AT CBAM {2 JIAL 35 1 Pl 22 vh 8 2y
FHOE J2 A, [] B 400 6 T8 RCRRAE 2 1Y 5, O 5
EfficientNet #F 17 XF kb, 52 5 25 S UE B CBAM -
EfficientNet AT EfficientNet £&1 1 2.5% FIHERZ,
HITRH BRI BRI, P a TR T3
AR T B PRI SE, H gt —2
TR POZR RIS IRE T, N TIAS BN R PERETR R

[1] GRABNER M, GRABNER H, BISCHOF H. Fast approximated
SIFT [ C ]//Asian conference on computer vision. Springer,
Berlin, Heidelberg, 2006. 918-927.

[2] HE L, ZOU C, ZHAO L, et al. An enhanced LBP feature based
on facial expression recognition [ C ]//2005 IEEE Engineering in
Medicine and Biology 27" Annual Conference. IEEE, 2006: 3300
-3303.

[3] JULINA J K J, SHARMILA T S. Facial recognition using
histogram of gradients and support vector machines [ C ]//2017
International Conference on Computer, Communication and Signal
Processing (ICCCSP). IEEE, 2017 1-5.

[4] BENGIO Y. Learning Deep Architectures for AI[ J]. Foundations
& Trends® in Machine Learning, 2009, 2(1) .1-127.

[5] BENGIO Y, LAMBLIN P, DAN P, et al. Greedy layer— wise
training of deep networks [ J ]. Advances in Neural Information
Processing Systems, 2007, 19:153-160.

[6] SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large — scale image recognition [ J]. arXiv preprint
arXiv:1409.1556, 2014.

[7] KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Imagenet
classification with deep convolutional neural networks [ C ]//
Advances in neural information processing systems. 2012; 1097-1105.

[8] SZEGEDY C, LIU W, JIA Y, et al. Going deeper with
convolutions [ C ]//Proceedings of the IEEE conference on
computer vision and pattern recognition. 2015; 1-9.

[9]IOFFE S, SZEGEDY C. Batch normalization; Accelerating deep
network training by reducing internal covariate shift [ C ]//
International conference on machine learning. PMLR, 2015 448-
456.

[10]SZEGEDY C, VANHOUCKE V, IOFFE S, et al. Rethinking the
inception architecture for computer vision|[ C]//Proceedings of the
IEEE conference on computer vision and pattern recognition. 2016
2818-2826.

[11]He,Kaiming, et al. Deep residual learning for image recognition
[C]// Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. 2016.

[12] XIE S, GIRSHICK R, DOLLAR P, et al. Aggregated residual
transformations for deep neural networks[ C]//Proceedings of the
IEEE conference on computer vision and pattern recognition. 2017 ;
1492-1500.

[13] TAN M, LE Q V. Efficientnet; Rethinking model scaling for
convolutional neural networks [ J]. arXiv preprint arXiv: 1905.
11946, 2019.

[14]SELVARAJU R R, COGSWELL M, DAS A, et al. Grad—cam:
Visual explanations from deep networks via gradient — based
localization[ C]//Proceedings of the IEEE international conference
on computer vision. 2017 618-626.

[15]WOO S, PARK J, LEE J Y, et al. Cbam: Convolutional block
attention module[ C]//Proceedings of the European Conference on
Computer Vision (ECCV). 2018 3-19.

[16] MULLER R, KORNBLITH S, HINTON G. When does label
smoothing help[J]. arXiv preprint arXiv;1906.02629, 2019.
[17]LIN T Y,GOYAL P, GIRSHICK R, et al. Focal loss for dense

object detection [ C ]//Proceedings of the IEEE international

conference on computer vision. 2017 ; 2980-2988.



