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Abstract
extraction, we propose FYOLO, an improved feature extraction algorithm based on YOLO. The algorithm uses a novel

To address the limitation of YOLO algorithm in recognizing small objects and information loss during feature

neural network structure inspired by the deformable parts model (DPM) and region-based fully convolutional networks
(R-FCN). A sliding window merging algorithm based on region proposal networks (RPN) is then combined with the
neural network to form the FYOLO algorithm. To evaluate the performance of the proposed algorithm, we develop a
social robot platform for privacy situation detection. We consider six types of situations in a smart home and prepare
three datasets including training dataset, validation dataset, and test dataset. Experimental parameters such as training
step and learning rate are set in terms of their relationships with the prediction accuracy. Extensive privacy situation
detection experiments on the social robot show that FYOLO is capable of recognizing privacy situations with an accuracy
of 94.48 %, indicating the good robustness of our FYOLO algorithm. Finally, the comparison results between FYOLO

and YOLO show that the proposed FYOLO outperforms YOLO in recognition accuracy.
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Table 2 The statistical results of model performance

with different learning rates

BcsF 2E R AR AT HES(E WA HET R IE
R1 1 0.670 0.817
R2 101 0.911 1.000
R3 102 0.843 0.933
R4 10—3 0.805 0.950
R5 104 0.801 0.950
R6 10—° 0.672 0.933
R7 10-¢ 0.626 0.900
R8 10-7 0.565 0.880
R9 108 0.569 0.867
R10 10-° 0.391 0.800
R11 10-1° 0.315 0.417
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Fig.8 The trend of model performance under

different learning rates
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Fig.9 Boxplot of prediction accuracy with

different learning rates
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Table 3  Privacy situation recognition accuracy of

the proposed system for different testing data sets

BRI R
c1 C2 €3 C4 C5 C6
a KMER%HE  0.900 0.975 0.975 0.975 1.000 0.975

g IhAAdEgE

b Zalid%dE 0.850 0.950 0.975 0.925 1.000 0.950
S 2 ¢ EMEAEIE  0.850 0.850 0.950 1.000 1.000 0.925

I 3 d ZmiA%dE  0.850 0.850 0.850 0.900 0.975 0.875

U =Sr e/ ianpsik

1) s 1 H a MREdE T AL, R
BEHNMER R AE SR C2, C3, C4 1 C6 T4 0.975,
1 C5 HH A 1, 78 CL B Ntk 0.9, XFT
SEE 1 g b g, 7 C2, C3, C4 #il C6 1
B2 R4 B A R ME R Rk 0.950, 0.975, 0.925,
0.950, 7 C5 45 Fh 1, 78 C1 555 4 0.850. 3
4 R EoR, T a B EE, £Hx) C1~C6
18 58 B B AGTHE S (E 4 Bl 2 0.82, 0.968, 0.971,
0.972, 0.920 F1 0.972, 5 Z AN} I 1A A5 HE 7 2553 5]
>fg: 0.275, 0.006, 0.168, 0.038, 0.141 F1 0.152, ‘1]
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Table 4  Privacy situation recognition accuracy of the proposed system for different testing data sets
FIAAEHE
WL C1 Cc2 C4 C5
HE E HE E HE E BE E BE E BE E
a MR EE 0.820 0.275 0.968 0.006 0971 0.168 0.972 0.038 0.920 0.141 0.972 0.152
b &M dE 0.789 0.276 0.849 0.192 0.922 0.096 0.997 0.003 0.918 0.216 0.869 0.191
c MBI 0.751 0.359 0.774 0.253 0.937 0.272 0.974 0.047 0.854 0.212 0.864 0.214
d M EE 0.742 0.304 0.713 0.274 0.854 0.292 0.890 0.186 0.768 0.332 0.807 0.311
FEARBIE] (ms)  3.32 1.62 3.13 2.87 2.69 3.15
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Fig.10 Boxplot of prediction accuracy
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3) HISEER 3 MR T, EAR R SRR A R
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TSR, FRATA 960 BRI IE Fr 3 T30
BIA LRI 53 JKIE Fr, sk L8 el Al

1) ARG P EAR R ER B, RA LK
FIAFI G I BE A 8 DO R . [N AT 258 1
SR, KB AT AE RN SR

2) SRETMMIE F, BA DRGSR R
— IR, XGRS

B, TR R R GERIRBITERE, VY KR
FIREAS 2RI, R TR 0 B R (4 R AR T S A 1 1
NZREER T, DAERBCE A i v A R AL

7 5 YOLO EZHST L ER S R

ARATE T ALE S YOLO ByAR RS,
F BRI SCR TG L S S &, #E ) YOLO
FRBAT SRS SR [30] HH IR, 9 58 TR 51 HEAf R A
AR AT E ST SRR 5 5E 6 PR, 456
% 3 53K 4 EdE T

1) XF a M EoE 4 b i & M, B C4
&5 YOLO (R BAL TA SCHA, Hifth C1, C2,
C3, C5 % C6 585, YOLO iR S ERf =i 451
Fe A SCE AL T 0.150, 0.000, 0.025, 0.025, 0.025,
LTI ARE AN T E 2> K T 0.176, 0.029, 0.098,
—0.052, 0.036, H.J5# 7% 0.091, 0.176, 0.076,
—0.008, 0.071.

2) XF b FMAKELSE, BT C2 T

YOLO iy s+ 4 3C53%, 1 C1, C3, C4, C5
Fe C6 fE5E N, A SCRIRR IR B HER R (55 TR
RATHEIEII T YOLO RIERIIHE.

%5 YOLO RAMBRALFBIHER T 4551
Table 5  Privacy situation recognition accuracy by

applying YOLO

SRR T AR
c1 2 (€3 C4 C5 C6
a FMRFHE  0.750 0.975 0.950 1.000 0.975 0.950

T RS

5 1
b Zmlit¥dE 0.725 0.975 0.875 0.875 0.825 0.750

SN 2 ¢ FEMiEdE  0.625 0.850 0.675 0.675 0.600 0.750

SLH 3 d KM% 0.600 0.600 0.600 0.600 0.600 0.725

%6 YOLO kIR AL KB AR RAG T HE ST 45 R
Table 6  Statistical results of privacy situation estimates

by applying YOLO

FUA A
EEZH a M b MR ¢ KM% d 2%
W i WMm E BE rE W %
Cl  0.644 0.366 0.568 0.465 0.540 0.381 0.501 0.413

C2 0.939 0.182 0.923 0.149 0.693 0.317 0.305 0.433
C3 0.873 0.244 0.867 0.302 0.866 0.290 0.851 0.313
C4 0.999 0.001 0.963 0.017 0.647 0.439 0.513 0.399
C5 0.972 0.133 0.815 0.228 0.570 0.381 0.568 0.465
C6 0.936 0.223 0.725 0.339 0.674 0.386 0.622 0.345

3) X ¢ FEME RS P AAMESE, YOLO
AR A R 1 E e R I A L AR SCEELYE A il AIG 0.225,
0.000, 0.275, 0.325, 0.400, 0.175; i i MIAR 2 f i+
HIIME AN 2071, YOLO SByARRIIY 2= T4

4) X d B A5 5, YOLO #k
) o A A B 43931 >4 0.501, 0.305, 0.851,
0.513, 0.568, 0.622; T A= SCFRA B9 10 I A 22 Ak 1B
433 0.742, 0.713, 0.854, 0.890, 0.768, 0.807.

ZE bRl R, AR SO B e SR A T B M R
T YOLO ¥k, S EEXFAS[F A9 I R 1E 2 R et
J B 28 25 5 ] DALR BE B 22 14 i 46 T R A S DA S v
H FRAFERSFEEEE 71, M RET RPN i3]
DA AR BR SR = A & 27 5 10 7 250
I A ERR . TE R X S AR B AE A B B
ANEF S XWE. 5. AESHEENER AR, 58
i I AT TR I RE



2248 H

Eihd 44 %

8 HRiE

XL EG R N OB RV I R S, W]
PAYRCE P iR B sz, MR o5 Hlas Nl st st 45 =51
R RL O AR, PR b, kPR 1o 8 T P R R AR B
BT IR Je 2 GE VASKR B A phe b 1) st A Sl 1
YOLO #2228 iy lithy . FRAEde BUd e DA K &
Ry R, IR 7T RPN @i sh i O &9+
YR, I T BTt YOLO RyRIESRBUGE Y.
A PR 7 Y AL A B R S M 1) R 55 L
ar P& BT SRsR AT, SRR, $E AR AESR
WREEAE RS HLAS N AR S8 rp T DA AT TR 51 B BE A
SR KB AL BT, R R R B,
] A I R e PR R ) B AL 8. 5 YOLO 1y
HR AR RSO R R AW s T~
TR 5 W MR AME BRI, 4 AL
AEAESE, HOHER RN A A ERA N AR
IR VS S IR

References

1 Shankar K, Camp L J, Connelly K, Huber L L. Aging,
privacy, and home-based computing: developing a design
framework. IEEE Pervasive Computing, 2012, 11(4): 46—54

2 Fernandes F E, Yang G C, Do H M, Sheng W H. Detec-
tion of privacy-sensitive situations for social robots in smart
homes. In: Proceedings of the 2016 IEEE International Con-
ference on Automation Science and Engineering (CASE).
Fort Worth, TX, USA: IEEE, 2016. 727—732

3 Arabo A, Brown I, El-Moussa F. Privacy in the age of mo-
bility and smart devices in smart homes. In: Proceedings of
the 2012 ASE/IEEE International Conference on and 2012
International Conference on Social Computing (SocialCom)
Privacy, Security, Risk and Trust. Amsterdam, Netherlands:
IEEE, 2012. 819—826

4 Kozlov D, Veijalainen J, Ali Y. Security and privacy threats
in IoT architectures. In: Proceedings of the 7th Interna-
tional Conference on Body Area Networks. Brussels, Bel-
gium: ICST, 2012. 256—262

5 Denning T, Matuszek C, Koscher K, Smith J R. A spot-
light on security and privacy risks with future household
robots: attacks and lessons. In: Proceedings of the 11th In-

ternational Conference on Ubiquitous Computing. Orlando,
USA: ACM, 2009. 105—114

6 Lee A L, Hill C J, McDonald C F, Holland A E. Pul-
monary rehabilitation in individuals with non-cystic fibrosis
bronchiectasis: a systematic review. Archives of Physical
Medicine and Rehabilitation, 2017, 98(4): 774—782

7 Liu Kai, Zhang Li-Min, Fan Xiao-Lei. New image deep
feature extraction based on improved CRBM. Journal of
Harbin Institute of Technology, 2016, 48(5): 155—159
(KL, SRR, FEWedE. PEB AR % S LAY BB RHAE TR BE SR L.
MR Tk K2f2E4R, 2016, 48(5): 155—159)

8

10

11

12

13

14

15

16

17

18

19

Lee H, Grosse R, Ranganath R, Ng A Y. Convolutional deep
belief networks for scalable unsupervised learning of hierar-
chical representations. In: Proceedings of the 26th Annual
International Conference on Machine Learning. New York,
USA: ACM, 2009. 609—616

Yu Lai-Hang, Feng Lin, Zhang Jing, Liu Sheng-Lan. An im-
age feature extraction method based on adaptive fusion of
object and background. Journal of Computer-Aided Design
and Computer Graphics, 2016, 28(8): 1250—1259

(T AT, K, SR, XIBEWE. B G RE A B AR S R AR AE
RO . AU B T 5 A2 4R, 2016, 28(8): 1250—
1259)

Ding Y, Zhao Y, Zhao X Y. Image quality assessment based
on multi-feature extraction and synthesis with support vec-
tor regression. Signal Processing: Image Communication,
2017, 54: 81—-92

Batool N, Chellappa R. Fast detection of facial wrinkles
based on Gabor features using image morphology and geo-
metric constraints. Pattern Recognition, 2015, 48(3): 642—
658

Joseph R, Santosh D. YOLO: real-time object detection
[Online|, available: http://pjreddie.com/darknet, Novem-
ber 3, 2016

Liu Y L, Zhang Y M, Zhang X Y, Liu C L. Adaptive spatial
pooling for image classification. Pattern Recognition, 2016,
55: 58—67

Zhu Yu, Zhao Jiang-Kun, Wang Yi-Ning, Zheng Bing-Bing.
A review of human action recognition based on deep learn-
ing. Acta Automatica Sinica, 2016, 42(6): 848—857

(RN, BTIH, TR T, AR ds. BT IR 2 I AR AT AR s
2R, JEbEIR, 2016, 42(6): 848—857)

Peng Q W, Luo W, Hong G Y, Feng M. Pedestrian detection
for transformer substation based on Gaussian mixture model
and YOLO. In: Proceedings of the 8th International Con-
ference on Intelligent Human-Machine Systems and Cyber-
netics (IHMSC). Hangzhou, China: IEEE, 2016. 562—565

Nguyen V T, Nguyen T B, Chung S T. ConvNets and
AGMM based real-time human detection under fisheye cam-
era for embedded surveillance. In: Proceedings of the 2016
International Conference on Information and Communica-
tion Technology Convergence (ICTC). Jeju, South Korea:
IEEE, 2016. 840—845

Erseghe T. Distributed optimal power flow using ADMM.
IEEE Transactions on Power Systems, 2014, 29(5): 2370—
2380

Gupta A, Vedaldi A, Zisserman A. Synthetic data for text
localisation in natural images. In: Proceedings of the 2016
IEEE Conference on Computer Vision and Pattern Recog-
nition (CVPR). Las Vegas, USA: IEEE, 2016. 2315—2324

Parham J, Stewart C. Detecting plains and grevy’s zebras in
the realworld. In: Proceedings of the 2016 IEEE Winter Ap-
plications of Computer Vision Workshops (WACVW). Lake
Placid, USA: IEEE, 2016. 1—9



1244

PG St Y OLO 5 AkS HURIA S HAE AR A5 AL A\ B RL e S A0 v 4 1

2249

20

21

22

23

24

25

26

27

28

29

30

Ren S Q, He K M, Girshick R, Sun J. Faster R-CNN: to-
wards real-time object detection with region proposal net-
works. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2015, 39(6): 1137—1146

Gall J, Lempitsky V. Class-specific Hough forests for object
detection. In: Proceedings of the 2009 IEEE Conference on
Computer Vision and Pattern Recognition. Miami, USA:
IEEE, 2013. 1022—1029

Yeung S, Russakovsky O, Mori G, Li F F. End-to-end learn-
ing of action detection from frame glimpses in videos. In:
Proceedings of the 2016 IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR). Las Vegas, USA:
IEEE, 2016. 2678—2687

Redmon J, Farhadi A. YOLO9000: better, faster, stronger
[Online], available: https://arxiv.org/abs/1612.08242, De-

cember 30, 2016

Kortner T. Ethical challenges in the use of social service
robots for elderly people. Zeitschrift Fiir Gerontologie Und
Geriatrie, 2016, 49(4): 303—307

Felzenszwalb P F, Girshick R B, McAllester D, Ramanan D.
Object detection with discriminatively trained part-based
models. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 2010, 32(9): 1627—1645

Girshick R, Donahue J, Darrell T, Malik J. Region-based
convolutional networks for accurate object detection and
segmentation. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2016, 38(1): 142—158

Gao W, Zhou Z H. Dropout rademacher complexity of deep
neural networks. Science China Information Sciences, 2016,
59: Article No. 072104

Tzutalin. Labellmg [Online], available:
com/tzutalin/labellmg, November 6, 2016

https://github.

Abadi M, Agarwal A, Barham P, Zheng X Q. TensorFlow:
large-scale machine learning on heterogeneous distributed
systems [Online], available: http://download.tensorflow.
org/paper/whitepaper2015.pdf. November 12, 2015

Redmon J, Divvala S, Girshick R, Farhadi A. You only look
once: unified, real-time object detection. In: Proceedings of
the 2015 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). Las Vegas, USA: IEEE, 2015. 779—
788

WG SN R F AR E B AREE
S RO BRI o e
HHENEA, HEEGESRERS.
E-mail: guanci_yang@163.com
(YANG Guan-Ci
Key Laboratory of Advanced Manufac-

Professor at the

turing Technology of Ministry of Ed-
ucation, Guizhou University. His re-

search interest covers intelligent autonomous social robots,

computational intelligence, and intelligent systems.)

W B SUNKRFIRMERARBEE
m*%fﬁiﬂﬁé.fﬁﬁﬁﬁm
KBRS, BRE S B RS PLE
N ARIGEFEE.
E-mail: yang_jing0903@163.com
(YANG Jing Master student at the
Key Laboratory of Advanced Manufac-
turing Technology of Ministry of Edu-

cation, Guizhou University. His research interest covers

intelligent vision computing and intelligent autonomous so-

cial robots. Corresponding author of this paper.)

v

HEFR SRR S B ARBE
BRI PR R T
HHERIEF AL, BRES B TIRFSHLEE
A.. E-mail: suzhidong2016@163.com
(SU Zhi-Dong Master student at
the Key Laboratory of Advanced Man-
ufacturing Technology of Ministry of
Education, Guizhou University. His re-

search interest covers natural language processing and in-

telligent autonomous social robots.)

ucation, Guizhou University.

PR SUNKFEBR ISR AREEH
M*%iﬁiﬁﬁé_fﬁﬁﬁﬁﬁ
JHLEE N B S E S S HUROR, B AEE
SNSRI
E-mail: chenzhanjie0320@163.com
(CHEN Zhan-Jie Master student at
the Key Laboratory of Advanced Man-
ufacturing technology, Ministry of Ed-
His research interest covers

simultaneous localization and mapping, and intelligent au-

tonomous social robots.)



