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Abstract: In the task of close range pedestrian detection, the balance of the precision and speed were of
great significance to the practical application of the detection algorithm. In order to detect the close range
target quickly and accurately, a pedestrian detection algorithm based on fused fully convolutional network
was proposed. Firstly, a fully convolutional detection network was used to detect the target in the image,
and a series of candidate bounding boxes were obtained. Secondly, pixel level classification results of the
image were obtained by using a semantic segmentation network with weakly supervised training. Finally,
the candidate bounding boxes and the pixel level classification results were fused to complete the
detection. The experimental results show that the algorithm has good performance in both the speed and
the precision of detection.
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Fig.1 Structure of the detection network
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Fig.3 Non—maximum suppression
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Fig.4 Structure of semantic segmentation network
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2350 LR SR AT R R

(1) 243 S B2 5 10000 i 3% HiE () & & K F
10% 5, 5 19 A B Ay G 0 I 46 0 300 it 32 APE 15 )
HIE S 0 T

(2) Yif SCHERL 5 e PEAE & & B2 /N T 10% 0, 8
) A R A G 00 ) 4% T A 3o AE M Y 10%

R R T R OR R

Sda X Sma.rk lf Smurk >Ol
Sﬁnal = bounding Sbounding (4)
S4e X0.1 otherwise
3ot s s K 0 T % T A o HE B £ 55, B
SCHE AR5 15000 e e HE /Y B S 1w AR s Ao 1 HE

1

A S 2B Ay FHEEUR 10% o R IXRE 1Y
A 7, B AT LLOR TE i o AE Y AR B AT AR R
FEAE X (0], 2 B LU 5] 19 0 b % 0 R R AT I A
B 1k 1P A R0 ) 2 4 R BB K 22 S R A At R
TR ), ST LA B R A Y UG A (6 35 AE X R
FEASE X3 42 2 0) (1 45 356 43 1F B i BEAE B AR R 0
T YD JES 2% 280 114 ) L
1.6 BHEEHSIIL

W 2% R R 45 Ky i B 7 BT R, R 2% 5 i G RS A )
1 77 2%, 2 A ] ImageNet #i Il 25 53 /9 VGG ™ 4%
pool5 VL Je Z i 4 B2 W AU FH T ARAE SR EL, B 5k
R JBOXT B A~ I 28 1 AT S0 Y 7 2O A T 1) 4% 3 AT
YIS, K 0 ) 28 Y1l 25 58 1S L R 45 pools Z Hif 1Y BT A
BCEE , KX pool5 Z J5 A 18 X 43 1 M 45 4% )2 A T 38
o Bl AL BT R R SR AT RO 5 B Lo B 4%
MU 2 o 3 SC o3 50 I 4 5 A ) 4 A R [ A
TIE B2 IS5 K, o Jo 0 T 3 1 45 SR AT R B L

Semantic
segmentation

Peature network

extraction
network

]

Detection network

P 7 R o0 25 25 4

Fig.7 Structure of the whole network

2 XWEREHH

SC A A4 B B T AT N R T A s A X
BTN 5, RO AR 2 250 000 4y 5K
% ,350 000 434~ BARHE , EE R T340 640 pixel x
480 pixel . ¥l 5 o 3% T AL 45 b A AR Sk 78 IR
7 BR B8 0F H 52l A7 gk rp R AR 2 A 3D Bl A Y
e B e i BE R 2 — o UITSR B 45 6 B
£, BB EENETE 6~13 4 1 min K 19 950 Kl
8% 50 5 IR R A 4R 5 AN B A IR 5 I 2
Bl S AR A
2.1 X FiEs BARa9H R R

T B AT NG 0 R 4 A B D AN 8 A R R HE AR
IR 18 A B XZ SR i S0 B Ry 2R BT S
FAR 7 4 ik 47 52 30 &R 0 1 . ROC (Receiver
Operating Characteristic) il £k X b 45 R w18 8 i

1.00
0.645

0.401
0.30F

0.20F

Miss rate

0. 10|22

0.05F

107 10" 10
False positives per image

&l 8 % 1 ROC it £k %F L &l

Fig.8 Comparison of ROC curves of algorithms

0203001-6



BRNECY & ;4

%24

www.irla.cn

% 47 %

it 8 R & AT LA, o R Rk
£ 35 A 4 45 AR AL T BOR AT 19 ACF (HOG 45 28 #5312
DL Ko A FH ¥ B 2% 2] 19 JointDeep . DeepCascade %5 %
B eI s H AR I 2 g0 b T A R AR T 10% Xk
Bk RS SR R mE o i, o LLE
B R Bk T R Y B b R A Y 0 AE 8
A B L S R R A AR R ] DL A
1 U5 KR M 12.47 % (our—detect single) P AIK 5118.47 %
(our—fused), AT LA 1, fil 45 155 784 B 0% O i £ = 80 1k

(b) Conv Net

(c) Jointdeep

(d) Proposed

Pl O B 1k 52 R OR X L A

Fig.9 Comparison of the effect of the algorithms

V8 G ) A A 2
2.2 W iEE 5

SEH BT LR g M B A S A TR IE B H
B (1 KT 100 pixel (9 H FR) 09 K6 008 52 55 46 00 3
B, O 2 ) R IR AR 10 B R

MIEL 10 HR] LA Y S B8k T 4 b O T
TR GRS B TE TR A SRR T 10% TR T,
A6 00 3 B 3K ) 17.07 s, 4G 0 1 B 2 dge A 5 G I Sk
T RF o5k, AR K ACF 535, H s A6 %t
ACF L T RE TR 15 S| 40 8 A veme it 7 H il
B B b i 58 E AKOF-

o VI

80f 0.447
HOG,
40r o y
0.239
;g ACFE30
-
[ ]
é 20 @ ° 13“'F5(7)V’
Joint deep,
ol 0.265 Deep cag:ade, 14.9
Our-fused ®
17.07
5 1 1
0.1 1 10 100

Frame per second
& 10 25 53 3 4 0 3 B XF L

Fig.10 Comparison of detection speed of each algorithm
3 5%

SCHRER T —RE R AT AR L, R R
[l — 4 5 BUIR E 2 2] W 46 70 23 3l R ] 42 45 AR H A
G0 19 24 7015353 Wi 7B S A BR T SC o3 0 285 0 155 4G (4]
QIEAT AL B 5 [ I, SC APl R T — R R il
Ty ¥k, 38 3k X g 2 G I A 43 0 T EY s 2 2R E
e - TH T A RO BE L SO A A I B T AT
K IR A B AT A SR A5 R R, A T S Y
R o T U A 3R A 8.47% , 3 5 B bR A I i 25
A PRI T 24 i PR b e i K

TESCH SR W Al L, 3 n] DAUAE G I R0 2% o i
o T SCAR B AR T Y T 2 A 1A R B N Y
B2 R AL P Rl & 2EAT AR I, 4R B ik 0 2 RO B
BT, 4S5k ROl T O S AT AR IR 5 AT
PN Rl

S 3k

[1] Benenson R, Omran M, Hosang J, et al. Ten years of

pedestrian detection, what have we learned [C]//European

0203001-7



oGk T2

www.irla.cn

% 47 A

(2]

(3]

[4]

(5]

(o]

(71

(8]

(91

[10]

Conference on Computer Vision, 2014: 613-627.

Zhang Difei, Zhang Jinsuo, Yao Keming, et al. Infrared ship—
target recognition based on SVM classification [J]. Infrared
and Laser Engineering, 2016, 45(1): 0104004. (in Chinese)
Yosinski J, Clune J, Bengio Y, et al. How transferable are
features in deep neural networks [C]//Advances in Neural
Information Processing Systems, 2014: 3320-3328.

Luo Haibo, Xu Lingyun, Hui Bin, et al. Status and prospect
of target tracking based on deep learning [J]. Infrared and
Laser Engineering, 2017, 46(5): 0502002. (in Chinese)
Viola P, Jones M J. Robust real —time face detection [J].
International Journal of Computer Vision, 2004, 57 (2):
137-154.

Dalal N, Triggs B. Histograms of oriented gradients for
human detection [C]//Computer Vision and Pattern
Recognition, 2005. IEEE Computer Society Conference on.
IEEE, 1: 886-893.

Dollar P, Appel R, Belongie S, et al. Fast feature pyramids
for object detection [J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2014, 36(8): 1532—1545.
Sermanet P, Eigen D, Zhang X, et al. Overfeat: Integrated
recognition, localization and detection using convolutional
networks [C]//International ~ Conference on Learning
Representations, 2014, arXiv preprint arXiv: 1312.6229v4.
Ouyang W, Wang X. Joint deep learning for pedestrian
detection  [C]//Proceedings of the IEEE International
Conference on Computer Vision. 2013: 2056—2063.

Ren S, He K, Girshick R, et al. Faster r—cnn: Towards

[11]

[12]

[13]

[14]

[15]

[16]

[17]

0203001-8

real—time object detection with region proposal networks[J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2017, 39(6): 1137-1149.

Simonyan K, Zisserman A. Very deep convolutional networks
for large—scale image recognition [C]//Computer Vision and
Pattern Recognition, 2014, arXiv preprint arXiv: 1409.1556.
Angelova A, Krizhevsky A, Vanhoucke V, et al. Real —time
pedestrian detection with deep network cascades[C]//BMVC,
2015, 32: 1-12.

Redmon J, Divvala S, Girshick R, et al. You only look
once: Unified, real-time object detection [C]//Proceedings of
the IEEE Conference on Computer Vision and Pattern
Recognition, 2016: 779-788.

Shelhamer E, Long J, Darrell T. Fully convolutional
networks for semantic segmentation [J]. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2017, 39(4):
640-651.

He K, Zhang X, Ren S, et al. Deep residual learning for
image recognition [C]//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 2016: 770-778.
Lin T Y, Goyal P, Girshick R, et al. Focal loss for dense
object detection [C]//Computer Vision and Pattern
Recognition, 2017, arXiv preprint arXiv: 1708.02002.
Khoreva A, Benenson R, Hosang J, et al. Simple does it:
Weakly supervised instance and semantic segmentation [C]//
Computer Vision and Pattern Recognition, 2016, arXiv

preprint arXiv: 1603.07485.



