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Research on the improved image classification method of MobileNet

GAO Shuping, ZHAO Qingyuan, QI Xiaogang, CHENG Mengfei
(School of Mathematics and Statistics, Xidian University, Xi’an 710126, China)

Abstract: This paper proposes an improved strategy for the MobileNet neural network (L-MobileNet) because the fea-
ture extraction ability of a neural network structure is insufficient, and the classification accuracy is not high on the data-
set containing complex image features. First, the original standard convolution form is replaced by the depth separable
convolution form, and the feature map obtained from the deep convolution layer is reversed and transferred to the next
layer through the deep convolution fusion layer. Second, the leaky ReL U activation function is used to replace the ori-
ginal ReLU activation function to retain more positive and negative feature information in the image, and residual struc-
ture is added to avoid the gradient diffusion phenomenon. Finally, the experimental results showed that when compared
with six methods, L-MobileNet achieved the best results in the datasets of Cifar-10, Cifar-100 (coarse), Cifar-100 (fine),
and Dogs vs Cats.

Keywords: convolutional neural network; image classification; feature extraction; MobileNet; depth separable convolu-
tion; activation function; Leaky ReLU; residual structure
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Table 2 Accuracy statistics of seven network structures in four datasets %
Cifar-10 Cifar-100(coarse) Cifar-100(fine) Dogs vs Cats
By R T R T RE P R
HIRTIE SR ES HERR MERR MERR IR MERIE MERR
224 CNN 70.31 75.69 54.69 62.97 43.92 49.86 75.28 79.86
241 CNN+Leaky ReLU 73.42 78.86 57.28 64.85 44.97 50.96 76.92 80.98
MobileNetV1 74.31 80.26 56.38 64.58 49.21 56.12 78.48 84.96
MobileNetV1+Leaky ReLU 75.54 81.54 57.51 65.86 50.17 57.19 79.88 85.87
MobileNetV2 75.65 81.36 57.47 65.88 50.24 57.12 80.87 88.81
MobileNetV2+Leaky ReLU 77.11 82.36 58.51 66.78 51.19 58.33 81.65 89.96
L-MobileNet 83.11 87.36 61.63 69.14 53.61 58.96 85.51 93.94
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Table 3 Classification accuracy of 9 different methods on
Cifar-10 dataset

Jiid: IIIAEIE %
Mean-covariance RBM(3 layers)[lg] 71.00
Improved Local Coord. Coding[zo] 74.50
PCANet”" 78.67
Stochastic pooling ConvNet”” 84.87
Improved LeNet-5"") 86.78
Conv. Maxout+Dr0p0ut[24] 88.32
NIN® 89.59
Highway(19 layers)[26] 92.46
L-MobileNet 87.36

4 %5 FE

AT R A B AR RRE ER oy 2 b i AR
FRARIRE )RR, U R X U E AR F B A
TR 3 1 PR G J0KG B T R ) R, A SRR T
— A~k AY MobileNet [ 4% 45 #) (L-MobileNet).
WL TE 4 D ATFBIR S L TRy SR A5 R R,
55 H At 6 Tt 28 ) 2% R 53 25 T VA AH L, L-Mobi-
leNet 73205 B &7, 7258 f S 24 h ELAT AR 3%, T
52 Be T, AT B AT 20 A i i A%, (A G
WRIEATE LB G =T, BA RIFr 5
Kfe S, BB TAENE: 1) BIEA Sk
5 VA ORI 4 S5 R B A sk, 2P iR Tt
BEARY A VERE s 2) #F — DL N 25 R 2544, LU
T2 VAT A B REAS 1 B 5

S E k-

[1] LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-based
learning applied to document recognition[J]. Proceedings
of the IEEE, 1998, 86(11): 2278-2324.

[2] SZEGEDY C, LIU Wei, JIA Yangging, et al. Going deep-
er with con-volutions[C]//Proceedings of 2015 IEEE Con-
ference on Computer Vision and Pattern Recognition. Bo-
ston, USA, 2015: 1-9.

[3] HE K, ZHANG X, REN S, et al. Deep residual learning for

image recognition[C]//Proceedings of the IEEE Confer-
ence on Computer Vision and Pattern Recognition. Las Ve-
gas, USA, 2016: 770-778.

[4] HAN K, WANG Y, TIAN Q, et al. GhostNet: More fea-
tures from cheap operations[J]. arXiv preprint arXiv:
1911.11907, 2019.

[5] ZHANG X, ZHOU X, LIN M, et al. Shufflenet: an ex-
tremely efficient convolutional neural network for mobile
devic-es[C]//Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition. Salt Lake City,
USA, 2018: 6848-6856.

[6] HOWARD A G, ZHU Menglong, CHEN Bo, et al. Mobi-
leNets: efficient convolutional neural networks for mobile
vision applications[J]. arXiv: 1704.04861, 2017.

[7] SANDLER M, HOWARD A, ZHU Menglong, et al. Mobi-
leNetv2: inverted residuals and linear bottlenecks[C]//Pro-
ceedings of 2018 IEEE/CVF Conference on Computer Vis-
ion and Pattern Recognition. Salt Lake City, USA, 2018:
4510-4520.

[8] MA Ningning, ZHANG Xiangyu, ZHENG Haitao, et al.
ShuffleNet V2: practical guidelines for efficient CNN ar-
chitecture design[C]//Proceedings of the 15th European
Conference on Computer Vision. Munich, Germany, 2018:
116-131.

[9] TANDOLA F N, HAN Song, MOSKEWICZ M W, et al.
SqueezeNet: AlexNet-level accuracy with 50x fewer para-
meters and <0.5MB model size[J]. arXiv: 1602.07360,
2016.

[10] SUN Ke, LI Mingjie, LIU Dong, et al. IGCV3: inter-
leaved low-rank group convolutions for efficient deep
neural networks[J]. arXiv: 1806.00178, 2018.

(1] #BREZ, £, BAT, 45, FF 2/t R MobileNet ]

KN ERR RIS [J]. BT HAR 53 TR, 2019(1):
22-24.
HUANG Yuezhen, WANG Naizhou, LIANG Tiancai, et
al. Vehicle identification method based on improved mo-
bilenet network[J]. Electronic technology and software
engineering, 2019(1): 22-24.

(127 X338 7] 3% 515 i 1) 2 2R o 22 ) 4% 14 At 5 S B
[D]. FEAERE: 5EH K, 2019.

LIU Hongzhi. Improvement and implementation of light-
weight neural network for mobile devices[D]. Hohhot: In-
ner Mongolia University, 2019.

(13] S825H, B3 /R BENE- WA R /K, RIEAR, 2. 2T Mobile-
Net 945 2 732000 [J]. RS 1E 5405, 2020,
9(3): 146-155.


http://dx.doi.org/10.1109/5.726791
http://dx.doi.org/10.1109/5.726791
http://dx.doi.org/10.1109/5.726791
http://dx.doi.org/10.1109/5.726791

+20 O R

S S ¢

%16 &

GUO Yijun, ABUDIRIYIMU A, YADIKAR N, et al.
Multinational face classification and recognition based on
MobileNet network[J]. Journal of image and signal pro-
cessing, 2020, 9(3): 146-155.

[14] DUBEY A K, JAIN V. Comparative study of convolu-
tion neural network’s relu and leaky-relu activation func-
tions[M]. MISHRA S, SOOD Y R, TOMAR A. Applica-
tions of Computing, Automation and Wireless Systems in
Electrical Engineering. Singapore: Springer, 2019:
873-880.

[15] CHEN Yinpeng, DAI Xiyang, LIU Mengchen, et al. Dy-
namic ReLU[J]. arXiv: 2003.10027, 2020.

[16] KRIZHEVSKY A. Learning multiple layers of features
from tiny images[R]. Toronto: University of Toronto,
2009.

[17] DUGAN P, CUKIERSKI W, SHIU Y, et al. Kaggle com-
petition[J]. Cornell University, the ICML, 2013.

[18] XU Bing, WANG Naiyan, CHEN Tiangqi, et al. Empirical
evaluation of rectified activations in convolutional net-
work[J]. arXiv: 1505.00853, 2015.

[19] RANZATO M A, HINTON G E. Modeling pixel means
and covariances using factorized third-order Boltzmann
machines[C]//Proceedings of 2010 IEEE Computer Soci-
ety Conference on Computer Vision and Pattern Recogni-
tion. San Francisco, USA, 2010: 2551-2558.

[20] YU Kai, ZHANG Tong. Improved local coordinate Cod-
ing using local tangents[C]//Proceedings of the 27th Inter-
national Conference on Machine Learning. Haifa, Israel,
2010.

[21] CHAN T H, JIA Kui, GAO Shenghua, et al. PCANet: a
simple deep learning baseline for image classification?[J].
IEEE transactions on image processing, 2015, 24(12):
5017-5032.

[22] ZEILER M D, FERGUS R. Stochastic pooling for regu-

larization of deep convolutional neural networks[J]. arX-
iv: 1301.3557, 2013.

[23] X4 F, TREEFS. B LeNet-5 MIZAEBG 2h i9 1;
H 0] HHEALT RS R, 2019, 55(15): 32-37, 95.

LIU Jinli, ZHANG Peiling. Application of improved Le-
Net-5 network in image classification[J]. Computer engin-
eering and applications, 2019 (15): 5.

[24] GOODFELLOW I J, WARDE FARLEY D, MIRZA M,
et al. Maxout networks[J]. arXiv preprint arXiv:
1302.4389, 2013.

[25] LIN Min, CHEN Qiang, YAN Shuicheng. Network in
network[J]. arXiv: 1312.4400, 2013.

[26] SRIVASTAVA R K, GREFF K, SCHMIDHUBER J.
Highway networks[J]. arXiv: 1505.00387, 2015.

EEE I

IO, B, EEWITE T %

HFR AL 5 0 AT B 515 AR

PR KRB EAL B S o0 hr . E

1 S HEZHMAE A RPHA LG I0

H R fgm i E 200 kR ARIE3C

30 Ko

BRI, AP, ST
EPSRENG = S NG SN R EN Y N (o

FANRI, #d, T A T, 325
R I AR RGBS W
HEILIT SN . HiIELH 47 0
(AL 19 Ty, Bio ik E AR 4 10,
KA 100 435 -




