20205 10 A F 2 R October 2020
EaE HESH JOURNAL OF GRAPHICS Vol.41 No.5

ST AR EREAERTM=

2ER, kAR, FXE K F', FIRE’
(1. HLAF T EMMFESHAFER, T M 310027;

2. WL AF MM ITEFIR, @il AuM 310027

 ZHFRZASRITFER, BF =B 365004)
] E: ARNMBEOARBAOTERBEERNEI R, RAZAATRAEH TR E
6 B 69 B AL AL 32 75 ok M AR B RIR HUAAR GG R B o R R AY 2 R 09 75k, T AR B IR Al AG A B .
e, —H2RETEATHEEE55HAERKR, EAESNLRNRE, B, ®RET
fﬁ% OGP L2 W L R B SR IR AAREE B o 1% M 25 K Al MobileNet V2 5 U-Net A%, @449
%%m%@%A%ﬁ%%gﬁw%,m%ﬁﬂ%Aw%@%%okw%@4&&m%%é\m
SEBEMMMFBELERIE, THEEAKRGR T, ZHETRRAESH LR L, @iTaFOAKRRE
RO kM E ARG R FREAN, R R EMARREELT TRA P AR RN E
R, ERESAHER T BER—MATER LR — LK.

* O BRI, BEER; AKRTINE; BERMNERNL, FEFT

FESEKS: TP 391 DOI: 10.11996/1Gj.2095-302X.2020050740
MHAFRIRES: A X E R S: 2095-302X(2020)05-0740-10

Contour recognition and infor mation extraction of
human bodiesin complex scenes

.1 . 1 . 2 -1 3
WU Ze-bin', ZHANG Dong-liang, LI Ji-tuo”, MAJing, XIN Yu-feng
(1. College of Computer Science and Technology, Zhejiang University, Hangzhou Zhejiang 310027, China;
2. School of Mechanical Engineering, Zhejiang University, Hangzhou Zhejiang 310027, China;

3. School of Art and Design, Sanming University, Sanming Fujiang 365004, China)

Abstract: Due to the complexity of background, it is difficult to accurately recognize the contour of
human body by traditional image-processing methods based on color space or energy gradient. Neural
network can improve the accuracy of recognition. However, due to the large scale of computations
and parameters, it is difficult to deploy the general neural network methods in mobile devices.
Therefore, we proposed a lightweight neural network to extract human body contours. This network
utilized MobileNet V2 and U-Net framework to recognize the contours of human bodies by building a

human-body dataset with specific poses for training. The contours of human bodies can be used to
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measure the sizes of human bodies after the subsequent processes, such as the extraction of key points

and analysis of fitting regression. This method can be applied to mobile terminals to measure the

body sizes by taking pictures. Experiments show that this method can accurately extract the contours

of human bodies in photos with complex backgrounds and measure the body sizes, and that it

possesses some advantages over the general neural network in terms of speed and storage.

Keywords: image processing; contour extraction; body measurement; lightweight neural network;

deep learning
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Fig. 3 Comparison of standard convolution and depthwise
separable convolution
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