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Human Behavior Detection Based on Improved YOLOv3
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Abstract: This study proposes a neural network named Hierarchical Bilinear-YOLOv3 for human behayior detection due
to a large disparity in the same behavior and high resemblance between different behaviors in hgmaﬁ behavior detection,
as well as problems such as visual angle, occlusion, and incapability of continuofis real-time monitoring. YOLOV3 is first
designed for prediction on three scales, and certain layers in its feature pyramid networks are used as inputs for
Hierarchical Bilinear to capture local feature relationships between l'ayers in the feature maps and predict the results on
three scales. The integrated results of both YOLOv3 and Hierarchical Bilinear show that the improved network only adds
a few parameters compared to the original oné; It improves the detection accuracy of the original algorithm without
lowering the detection efficiency and thus is superior to the current behavior detection algorithms.

Key words: human beﬁavior detection; YOLOV3 algorithm; Hierarchical Bilinear-YOLOv3 network; feature extraction

NARAT A2 o SR B Uk i) 2 o 22—, (X3 4R HK SIFT, HOG™! A J Haar-like!" % A T4f
F A A P B AU B N ARAT D A G RS fiE. fJa, X AR EAT 70 28, il sl & 0 &
FEW LI 3 NP B RMIZRE. ARKTE EREIUARE DI ER, N THRIE#EAT 7028 H AR
BE g 2 B 11 PR o O R X L K, IR ER A8 73 R AIE, BV R 22, 1R G B Rl ik

O HEETH: AT REAH AR TE (2018-YF05-01424-GX)
Foundation item: Project of Science and Technology Bureau, Chengdu Municipality (2018-YF05-01424-GX)
WCAR N T8]: 2019-12-16; AEXUR [6]: 2020-01-14; K FHI 6] 2020-01-21; csa #E£& HiARIN [8]: 2021-06-01

Software TechniquesAlgorithm X AFH AR 5% 197

© EREERREST  hup/iwww.c-s-a.org.en


http://www.c-s-a.org.cn/1003-3254/7507.html
http://www.c-s-a.org.cn/1003-3254/7507.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.007507
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2021 4F #5304 55 6 1

A

SIEJUAE e, 3 T-VRAE 2 31 10 7 0 45 e
R R, 55 2 AESH B R A )
L. DA Faster-RONN® J9 R (0 B 3
SR FHIX BRI (RPN) i T i 248 bR RO i
HE 455380 A VA %5 AL 22 0 44 42 P R 447
. 4B SR R P45 U4 SRR, 94
I UF1 77 3 e PR AR e B A2 00, 1R e
kA SSD yoLo U,

A EL T H 20 AP AT A T, T U 2 21 )
A o L P W28 % 12 B T 32 1 R £
KEE, % T N TR 552 FARRO B, K )
O A5 i, FEWTIRIE S =1 F RIS, e
S5 K 9 24 22 K R KE, A T — Ak AE
HEAT O, RS FE 7, (0L H BB . 35 Bk Y
0 PR [ 17 5 LT, B R0 M, (L2
AL 4710 5 0 P b B X B 9 9 R 3, 5 577
A 5 R AR R T (RAIE R 0 1 B4 F 3
S 80 5 5 U A T L

1 AT kDA 7 Bk

H ATZEAT AR 77 18 5 R F VR B AR 48 Y 4
FRBURFAE, S i fEal & JE HEATR I 31 00 SR = 4k
GRMZ ML, $EiH 3-D BAMZ M2 (3-D Convolutional
Neural Networks, 3-D CNN), $& B AT i) 2545 2. 12
KTH NAAT N EeE 2 B, 3R45 1 90.2% IR IEH
. Gkioxari 25! Fil FF 45 B 46 I 46 ) \ARZE A RIAT Ry

BEATAEI, 7E PASCAL VOC il 1% 7 LS T 1R%E |

FRRTIZCR, Hoxt O I 74T 1 X b Gkioxari 551
M AT TN AR A 1) S A AR 1, 2 T RETF A
PRI BOAT ORI T 7. B B R, 1% 5 Ik Re e T
DB T 9 438K Feichtenhofer 25 U3 48y —Fhirt
234 N ARAT R 7 32 %7 2K W A A
W 2 Fl1 Bk 22 ) 2% ResNet BEAT 45 &, R HIZ B AN
FHEATAI, 75 HMDBS1 04f A1 UCF101 %4 P2 B
BT REBM R S A% K Faster R-CNN
5 OHEM Sikgh 4, $2 e LR XE B354 Sk, ik
5 WA Rol 4%, 7£ VOC 2012 Action i 5 _F 52
I 45 R W, i J5 Faster R-CNN S0k BT IR IS
RS L A SR R R A 4 5 K
WO 24 2 N 26 1) 2 R AE R N ARAT IR i 2. 1%

198 4 AR 5% Software TechniquesAlgorithm

FFB A R IR P RE AT B, ik A A S
A LSTM #.55, £ KTH 1 UCF Sports 4 4 Sz 1 45
R, BRGSO = TAT NI

IR, ) SR Gi AT AR ) 7 VR RN 3 TR B
S NARAT R BT VEAT T o Hr i g5, 1 SoFaE
X ERANRAT REARE AT, 04 72T ok
W B G TRIE S 215 NARAT AR I e Bk
Koty I R 4 T I Bk R

BRI T IR BE 5 ST HOAT ARSI ST 25 ol B0
EUAS T A BRI R, (R SA R — e ] 3, 13
T 3D CNN. SUfi[44. Faster R-CNN [147 J9Fadll &
5 9 4 25 M K T S B S e PR T R AT
NZESE R, TR AT AR B, R o o T A
HAT N AR BERFAE, J5 T N RIS AE AR Wl 77 v B AR
A B2 H =) 38 AR 4 J 4R U EL 800 A1 388 o 540 A v A
i 23 H AR 5% YOLOv3 £ COCO #idlE4E L1
MARZE R mAP N 57.9% , tb SSD Sk 7.5%, ¢ H
T AT ST MRS I R, DR A i $E YOLOV3 1E AT
SRS () JEE AR X 28 I 50 adt, AE PRUE A IR RT3 R
2 15 X 288 o A0RE B SRR AIE R4 X RE 77, AT B2 A 0 )

2 AR RS
2.1 Hierarchical Bilinear Pooling'dl}‘—)(]\%’lﬁﬂ

16 B HA AT 92, 85T Bilinear CNN 55 (1 411 i
FiE 45 2% 170 220 0y b L 2 72 92 36 o £ 5 0
Hierarchical Bilinear Pooling 2% A5 711"} #£ Bilinear
CNNBERS ({5 BRI §5 H 5 2 AR MR AL 45 4, SRS
7] J2 Z (B 1R 28 L, 0 22 A3 JE AU AR A B e i 47 4R
Fis, MNP 65 m ) £ 25 AR 2 o i B AEDRL B B AME 2, L)
ZHEZR AN 1 B,

BRERIER 3 NAEE . K/ R BIE N
g, R VGG-162" ) relus_1, relu5_2, relus_3
2. ARG M B AF 7 E R (Hadamard product™) #3472 8]
G AN, SR A AG AR B4, 400 2 1R AR i AN
L2 TENG3E T M 2 5 R Rk Be 77, Bt 3 MRRAE B
HATHEFE P, B e E T 2k
2.2 YOLOv3 W& i=H!

YOLOV3 /2% £544 W] LA 3 A>3 Darknet-53
REAEH 0 25 FIVRRAE <6 - 35 0000 9 46 . Darknet-53 % H
AR R Ik 22 G5 i R I B BRI, A B A = B

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20214F 55304 5 631

http://www.c-s-a.org.cn

i H AR SN A

B H—1b. LeakyReLU =/MEME. L4 7
TN DX 24 vy 3 P 2 R R P e O A 2 2R AR 1
LR FEH 5 Darknet-53 P45 o AL B HF 215 31, 45
— AN REE ERHE EIERRL& T A E g . AR ENE X
SR JE ERE. YOLOV3 Tl A2 an & 2 iR,

| Feature_map_1 | [ Feature_map 2 | [ Feature map 3 |

[Element wise 1|  [Element wise 2]  [Element wise 3]

Sumpool 1 Sumpool 2 Sumpool 3
Signed_sqrt_ Signed_sqrt_ Signed_sqrt
layer 1 layer 2 layer 3
! ! !

L2 normalization | |L2 normalization | |L2 normalization
layer 2 layer_1 layer 3

B 1 Hierarchical Bilinear Pooling % 4% HE4E ]

HI5 2
| %
H62R | FRFE
B3 2 26x26 Tl

LRk

B2 YOLOv3 Tiill&i#) &

Darknet-53

416x416 [ EIEEE 2 5F YOLOV3 M2 5=

13x13+ 26x26+ 52x52 = A JUSE A 9 i X8, A
P DX ST 3 /B2, N A 1 0/ 22 HE T
. — AP XIRE LS B AR n AN RIE, AT
RSyt ) £y X (1) P

y=(@+ty+t,+tp)+Po+(P1+Po+--+Py) (1)

3 Hierarchical Bilinear-YOLOv3 ¥ 4%
3.1 U Hierarchical Bilinear Pooling f4%

J& Hierarchical Bilinear Pooling M %% £ EH T f
o2k, Bk E A B — A BARKIEGL. D 7 AEM
ZEREE AN 2 A B AR, S0 E bR g AL, X R 2% 13547 BA
AN T T B (1) 48 25 5 2% i A AL B A

PR BRI & —/ME R FFE; (2) SR 1x1 BRI K
ERE E MR L2 H— b EMaeiEsnskKE, |5
et b H AR AARARAE B, 0t 2 J5 11 Hierarchical
Bilinear W25 41| 3 7.

| Feature map 1 | | Feature map 2 | | Feature map 3 |
| Element wise 1 | | Element wise 2 | | Element wise 3 |
Signed_sqrt_ Signed_sqrt_ Signed_sqrt_
layer_1 layer 2 layer_3

Concat

Conv2D 1x1

B3 2435 [ Hierarchical Bilinear 4% 45 #4) [&]

BRI 3 A KNSy WX EXC BT B TR 76
ST RIS BIAMEE 3 NN K WxH*C {45
EWE, o . H. C AR E I . B R
Zoid AP, H AR

y =sign(x) X /|x|+b 2)
SE, x OB 19, b O9YE SR B 2 Rk
VRS 5 195 GE PR, e T < DB A 25, Bk
HN: ' ) .

ZyB = PTconcét(x, ¥,2)

=4

=<tx+ty+tw+th)+Po+(P1+P2+-~-+P,,) 3)

Ho, Zyyp NP REE R, PTREIFMERE, xv ys 2 4
FHEFERE, 0 e 1,0 4, A RRRAAIREE, Py BISEHE,
Py, -, Py n NEHIE.

FEANIIAE T AR AR T 300

by = Sigmoid(t,)+ C, 4
by = Sigmoid(ty) + C, &)
b, = P, xe" (6)
by = Ppxe (7

Hob st 1,0 4, AP TN A, C, M C, 2
% XA T B 22 B A WS &, P, A P, Rl
A FHERIACRIGE, b, A1 b, R TN 2 FHE (1 v O AR FR,
by A1 b,, 7 TN FHE HIH AT

Software TechniquesAlgorithm #1F4 AR 5%: 199

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

2021 4F #5304 556 1

BIEE Py i E AR T
Py = Sigmoid(P) (®)
Horr, P RIR ISR A AL T SR HE o FrR 4
X U AE JIT 6 X 4 DX S8 AT PR S A5 50 T BRI
KHE R, HRE AW
P; = Sigmoid(x;) 9)
Horbr, x; SRR TN Z XA DX IR o — 201 P i R A
3.2 B#HER YOLOV3 M4
N T 358 YOLOV3 2% 22 ] Jay S RFAIE A2 L, $2 T
28 0T AR RERFAE I B B ), FEHFAIE 4 7 35 73 R I 2%
trEHL 3 A 3x3 AL I Jy et J5 1) Hierarchical
Bilinear M £& % N\, &1t 2 6)/5 B H AN, KA EAH

J7 NEARAE 3 SR B SE R, 1x1 73 KGR -

TRBE (4+1+3850)>3. Bt A 1) YOLOV3 45401 4
Bz ) "

¥
¥

JZ  |Feature Extraction
_layer

L| Improved_Hierarchical Bilinear

layer
Up_Sampling_layer
% 62 I

E Feat“reig’:rracmn—qunsz U 1>R6x26x (12503

L| Improved Hierarchical Bilinear p

layer
Up_Sampling_layer
5 37 1

JZ  |Feature Extraction| _
Tayer [Conv2D [x1}+{52x52x(4+1+351)x3]

-+{Conv2D 1x1}+[13x13x(4+1+FA)~3]

Darknet-53

|-> Improved Hierarchical Bilinear
_layer

B4 kS5 R YOLOV3 4% 45 1 B

J5 X 28 AN 4t J5 1Y Hierarchical Bilinear 4% 354>
1E 3 MA ﬁﬁf?‘ftiﬁﬁ;ﬂﬁ?ﬁw%%, - ) &5 SR AT
& AR R

Y = @yyolo + (1 —@)ynp (10)
Hodr, y NEREER, yyoo 16 IR YOLOV3 R 2% i it
v ARRANRL B 7 IR R, o AT S 4L, BUEN 0.6.
3.3 KRR
B fE YOLOV3 HI0 2k B 5 i

loss = alossyelo + (1 —a)losspy (1)

o, loss NERELSAR, lossyolo NIE YOLOV3 M 45 1)
K, lossp, NEHE J5 1) Hierarchical Bilinear P 45451 2%,

200 #fHARH % Software TechniquesAlgorithm

a NRUE T SHL, BUE R 0.6.
Heit J5 1) Hierarchical Bilinear %4545 25 (.45 xy 1
Ry wh ik, BEESIL. 2RHK, Kb wh $ik
K FH R 2251 J7 R0 2% BR A, R A R A5 P 22 S 48 2% R
e, tHEA LR
10647

o
lossyy =2 Z I?jj(z_wtruth X hiryth)
i=1

Z binary_crossentropy(t,1) (12)

tex,y
10 647
bj 2
lossywn = Acoord Z I;)j J(Z_Wtruth X Ryrath) Z (t-1)
i=1 te(w,h)
. 13)
10647
l0SSconf = Z I?jbj X binary_crossentropy (PO,PO)
i=1
10 647 _
A 1-1%% X binary crossentropy(Po, Py
ij
i=1
(14)
10647
108Sclass = Z Il.ojbJ Z binary crossentropy <Pi(c), f’i(c))
i=1 ceclass
(15)

Hor, Ii"]?’%%i‘zwﬁéqﬂ%?&ﬁ?i%%, W R H bR
N LN 0. Acooras AL FIZEL HUE 0.5, wirun,
husuhs 1, Po, Pi(cYNELSAH, 7, Po, Pi(e) I TN fE.
|

4 ST
4.1 THRHRESSHRE

A H PASCAL VOC 2012 action 34, 1%%
PEAE 10 FIAFE AT N Bh. FTHAG. 323 K88,
GlBE. W7 B, BOS. B, R, B,
FREAFEEEINELE. MEFEEMEXEER.
HHR R 3448 FKIEME, oM. uEde. ik
£, ZH MBI 6:2:2, b5 K H K AIME B AIFREHE
BER.

SIS P &K H Ubuntu 16.04 & 4¢, Intel(R) Xeon
(R) Silver 4116 CPU, F4ii 2.10 GHz, 48 W 1%, £ H]
NVIDIA Tesla K80 GPU #E47 /I3,

W 28 B N K /N[ 5E N 416x416, BG4k 732K
He 22 frf Hi /) MSRA Initialization, SZ5 I ZRiEA%
RECH 200 #&, ZHCTEH71ER A Adam, F)46% ] %

jallls

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

2021 4F 55304 2 631

http://www.c-s-a.org.cn

i H AR SN A

49 0.001, L2 AU E i 1% B 4 0.0005.
4.2 XWMLERTH

W HE H HY Hierarchical Bilinear-YOLOv3 R 4% &
B 55 YOLOV3 AU I 25 S b an B 5 B,

(a) SRR AT TR B

(b) Bt JE R AT TR
P 5 AP M Fext 1
.

2 10U=0.5 i, PIFp B8R ISR F /) AP (Average
Precision) 45 SR W&l 6 Fi7s.

RS 2 R, i A o f5 1Y) Hierarchical
Bilinear [ 2 3 58 R AIE )22 0] 58 B, RE 85T 5 X 4%
(VAR B2 S HCRE ) /0N H A 22, AT B2 i AT kil
R B A ST 35 AERF %2 35 (mean Average Precision,
mAP) FIEEFPMi3% (Frame Per Second, FPS) 1X ™5 b5
SRV AEE B RS I R, I 5 2 W AT v ken il 453 L
BA R BB AT X b, SesR8E Rk 1 fros. s

I ek BRI, A CH H A Hierarchical Bilinear-YOLOV3
MR 28R LL JFE YOLOvV3 W4, SCHR [23]. SCHR [24]
TEAT AR b B 1 e FR AR 3 E AT i TF, St Ja A 2
EARAE mAP Fibr B SCHR [12]. SCHR [25] i, i
WK B R w2k, [FIR FPS PR REFE bR b oK iE FE AL
TR, Re g S SEI AT k.

11

1.0

S

SRS 3 A K $ %

S R RO
& &

OYOLOv3 M Hierarchical Bilinear-YOLOvV3

K6 FERET AP 45 R

R B PAT IR SLR0 S5 SR b K

Hik mAP FPS
YOLOV3 0.7437 12
Hierarchical Bilinear-YOLOv3 0.7583 12
k23] 0.7020 1
ik[24] 0.7560 1
ik[12] 0.7700 1
HR[25] 0.7864 1
5 divERYE 4\\

SRR YOLOVS 1048 A5 A RAT ks ek FE (%
e T/%Hj\**"#%ff Hierarchical Bilinear £ % ff]
YOLOV3 G v ZHEITE YOLOVS URHIE 4 854
2% bt B — R4l i 2 A e JE Hierarchical
Bilinear [ 4% B4\, 1458 )2 (8] )5 5545 558 B, #1744
FLE 32K, SR 55 YOLOV3 W48 2845 Bk AT & . 52
95 5 AR G B A M S AU N T 0.4%, AHEET
JR YOLOV3 MZg kRS FEFR T 1 1.5%mAP, fELRIEAS
TR IR I P T AR A FE

SE

Sermanet P, Eigen D, Zhang X, et al. Overfeat: Integrated

—_

recognition, localization and detection using convolutional
networks. arXiv: 1312.6229, 2013.

2 Lowe DG. Distinctive image features from scale-invariant
keypoints. International Journal of Computer Vision, 2004,
60(2): 91-110. [doi: 10.1023/B:VISI.0000029664.99615.94]

3 Wang XY, Han TX, Yan SC. An HOG-LBP human detector

Software TechniquesAlgorithm #EH: R« 532 201

© ERSEBIK T

http://www.c-s-a.org.cn


http://dx.doi.org/10.1023/B:VISI.0000029664.99615.94
http://dx.doi.org/10.1023/B:VISI.0000029664.99615.94
http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

2021 4F #5304 556 1

W

~

o]

10

1

—_

12

13

14

with partial occlusion handling. Proceedings of the 2009
IEEE 12th International Conference on Computer Vision.
Kyoto, Japan. 2009. 32-39.

Viola P, Jones M. Rapid object detection using a boosted
cascade of simple features. Proceedings of 2001 IEEE
Computer Society Conference on Computer Vision and
Pattern Recognition. Kauai, HI, USA. 2001. L.

Ren SQ, He KM, Girshick R, et al. Faster R-CNN: Towards
real-time object detection with region proposal networks.
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2017, 39(6): 1137—1149. [doi: 10.1109/TPAMIL.
2016.2577031]

Liu W, Anguelov D, Erhan D, et al. SSD: Single shot
multibox detector.

Proceedings of the 14th European

Conference on Computer Vision. Amsterdam, the
Netherlands. 2016. 21-37.

Redmon J, Divvala S, Girshick R, et al. You only-leok once:
Unified, real-time object. detection. 'Pr(;ceedings of 2016
IEEE Conference on COm;;uter Vision and Pattern
Recognition. Las Vega“S, NV, USA. 2016. 779-788.

Redmon J, Farhadi A. YOLO9000: Better, faster, stronger.

Proceedings of 2017 IEEE Conference on Computer Vision

and Pattern Recognition. Honolulu, HI, USA. 2017.
6517-6525.
Redmon J, Farhadi A. YOLOv3: An incremental

improvement. arXiv: 1804.02767, 2018.

Ji SW, Xu W, Yang M, et al. 3D convolutional neural
networks for human action recognition. EEE Transactions on
Pattern Analysis and Machine Intelligence, 2013, 35(1):
221-231. [doi: 10.1109/TPAMI.2012.59]

Gkioxari G, Hariharan B, Girshick R, ef al. R-CNNs for pose
estimation and action detection. arXiv: 1406.5212, 2014.
Gkioxari G, Girshick R, Malik J. Actions and attributes from
wholes and parts. Proceedings of 2015 IEEE International
Conference on Computer Yision. S;ntiago, Chile. 2015.
2470-2478. : ‘

Feichtenhofer C, Pinz A, Wildes RP. Spatiotemporal residual
networks for video action recognition. Proceedings of the
Information

30th International Conference on Neural

Processing Systems. Barcelona, Spain. 2016. 3468-3476.
LR, YRR, 55T Faster R-CNN [ AT G I 7.
FHE RS, 2018, 13(6): 967-973.

202 FHAHARH 1 Software TechniquesAlgorithm

15

18

19

20

21

22

23

24

25

PROC, JTlAE, AE. BT B M 2% 5 KR
LML) 2 FFERLG NRAT IR A EE. WOt 5ot 72
HERE, 2019, 56(7): 071505.

A, RTLH, Ffe 7, 55 B TR 22 S I AARAT il
FRLRIR. AEMELFAR, 2016, 42(6): 848-857.

) B HF, SR, ARG, S BT L I A R
T RRBIGEIR. 44k, 2018, 39(11): 1-6, 33. [doi: 10.3969/
j-issn.1672-8785.2018.11.001]

Lin TY, RoyChowdhury A, Maji S. Bilinear CNN models for
fine-grained visual recognition. Progeedings of 2015 IEEE
International Conference on Computer” Vision. Santiago,
Chile. 2015. 1449-1457.
Yu CJ, Zhao XY, Zheng Q, et al. Hierarchical bilinear

pooling for fine-grained visual recognition. Proceedings of

theL 15th European Conference on Computer Vision. Munich,
Germany. 2018. 595-610.

Simonyan K, Zisserman A. Very deep convolutional
networks  for arXiv:
1409.1556, 2014.

Kim JH, On KW, Lim W, et al. Hadamard product for low-

rank bilinear pooling. Proceedings of the 5th International

large-scale image recognition.

Conference on Learning Representations. Toulon, France.
2017.

He KM, Zhang XY, Ren SQ, et al. Delving deep into
rectifiers: Surpassing human-level performance on ImageNet
classification. Proceedings of 2015 JEEE International
Conference on Computer Vision. n}S‘ant.iago, Chile. 2015.
1026-1034. .

Oquab M, Bottou E, Laptev I, er al. Learning and
transferring  mid-level image representations  using
convolutional neural networks. Proceedings of 2014 IEEE
Conference on Computer Vision and Pattern Recognition.
Columbus, OH, USA. 2014. 1717-1724.

Cimpoi M, Maji S, Vedaldi A. Deep filter banks for texture
recognition and segmentation. Proceedings of 2015 IEEE
Conference on Computer Vision and Pattern Recognition.
Boston, MA, USA. 2015. 3828-3836.

Zhang Y, Cheng L, Wu JX, ef al. Action recognition in still
images with minimum annotation efforts. IEEE Transactions
on Image Processing, 2016, 25(11): 5479-5490. [doi: 10.1109/

TIP.2016.2605305]

© TEREBIK R

http://www.c-s-a.org.cn


http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2012.59
http://dx.doi.org/10.3969/j.issn.1672-8785.2018.11.001
http://dx.doi.org/10.3969/j.issn.1672-8785.2018.11.001
http://dx.doi.org/10.1109/TIP.2016.2605305
http://dx.doi.org/10.1109/TIP.2016.2605305
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2012.59
http://dx.doi.org/10.3969/j.issn.1672-8785.2018.11.001
http://dx.doi.org/10.3969/j.issn.1672-8785.2018.11.001
http://dx.doi.org/10.1109/TIP.2016.2605305
http://dx.doi.org/10.1109/TIP.2016.2605305
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2012.59
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2012.59
http://dx.doi.org/10.3969/j.issn.1672-8785.2018.11.001
http://dx.doi.org/10.3969/j.issn.1672-8785.2018.11.001
http://dx.doi.org/10.1109/TIP.2016.2605305
http://dx.doi.org/10.1109/TIP.2016.2605305
http://dx.doi.org/10.3969/j.issn.1672-8785.2018.11.001
http://dx.doi.org/10.3969/j.issn.1672-8785.2018.11.001
http://dx.doi.org/10.1109/TIP.2016.2605305
http://dx.doi.org/10.1109/TIP.2016.2605305
http://www.c-s-a.org.cn

	1 行为检测研究现状
	2 网络模型介绍
	2.1 Hierarchical Bilinear Pooling网络模型
	2.2 YOLOv3网络模型

	3 Hierarchical Bilinear-YOLOv3网络
	3.1 改进Hierarchical Bilinear Pooling网络
	3.2 改进后的YOLOv3网络
	3.3 损失函数设计

	4 实验分析
	4.1 实验数据集与参数设置
	4.2 实验结果分析

	5 结论与展望

