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Semantic enhanced guide feature reconstruction for occluded

pedestrian detection

Sun Xudan, Wu Qing, Zhao Chunyan, Zhang Mandun
(School of Artificial Intelligence, Hebei University of Technology, Tianjin 300401, China)

Abstract: In pedestrian detection, the inability to extract effective features due to pedestrians being severely
occluded is one of the main reasons for missing pedestrian detection. To solve this problem, a semantic enhanced
guided feature reconstruction algorithm for occlusion pedestrian detection is proposed. Firstly, the semantic
feature enhancement module is designed based on the dependency between space and channel, and the global
context information is established to enhance the feature of occlusion of pedestrians. Secondly, in order to focus
on the visible area of pedestrians, the adaptive feature reconstruction module is used to generate the semantic
segmentation map, and adaptively adjust the effective weight of the channel, enhance the distinguishability of
pedestrians and background. Finally, the multi-level feature map is obtained by multi-level cascade two modules
of semantic feature enhancement and adaptive feature reconstruction, and the multiple features are fusion for the
final pedestrian analysis detection. On the challenging pedestrian detection benchmark CityPersons and Caltech,
experimental results show that the proposed method achieves the missed rate of 47.28% and 44.04%, respectively,
which effectively robust compared with other methods in the detection of occluded pedestrian.
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Fig.1 Framework diagram of proposed network model
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Fig.2 (a) Semantic feature enhancement structure diagram; (b) Improved
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Fig.3 Structure diagram of adaptive feature reconstruction

N TAEE— M Ba e F,, e 435 Bix, N
m, — 1 MR E 5, Wm, — 0. F,HT 86 A
FRAE B A7 B I RRIE R, RIS A RRIE RN &2
Fe R B AR IC R S HOR /N . X T B THRHE &
FIARRE — S O, MR R E R, PSIRF, T

XTI B B AR R A ma AR . Ymy — 10, BALE
P A5 2R AH 25 AR 4l m (L FEBT HE AT 8 N 1A B 43 B
A, mg — OB, B & IR R AH M 2 F 3E I A 2E 474
FIVE . TR RS PR R R
{ - 1,BNE iz
ms = .
- 0, 5t

(6)

Fgﬂ=tﬁ-m,; (7)

K mg P, b BOLE PR FAE; (o FE BALE 1R
FAH; F, WRAE TR )5 RHER F, B fR FR A .

A F e [Hx Wx CIh Zl e, 2 e
R IE 3 T8 L B G ) b A RRIE A ER S R PG, DBEAT
JETH; T A5 52 SFEM $R LB TEAN G 15 2., K IR
BERRAE 5 30 R IR 1 F M 25 A, 15 30 R O 4
EEF, e [Hx W xC]:

F,=6(Concat([F,F,])) )

;6 ()F IR 3x3 BEUA ReLU #T pR %L

H AR AL & A7 ARSI AE 8 B 78 20 L S AT:
55, REAME R GON M 43 FRERSE BEZ 19 . 7E Caltech
dla g, 68% MYAT N A3 80 pixel, B & M 45 A
W7 A B, XM S T conv 5 ARAY 3%5 pixel, 45 12 X
TN B AR SR A H ARG, o TR (19 34 S AE
B3 FIRS 15 R BIARTE L —B0, & 4 X H T R
053 50 PRI FIORE I 23 B L, R LA s R e 194 43 B £
BRSPEET SR FBERAME LT, HTEHR
14 53 BT 55 FUR FR S B B, AT 2503 AT A
KEHIBAR, I 7958 A, s SE T Horia
HEARIE R TR # 7  XA Rl BRAIE# T —4
FELWE 9 5381, A SRASR 2R AL T AT A FREAR T N, K%
BERAKENTR, BRMERR L, B0, 5 RN
0o 1 S0 R FH A8 SUIRBL 2 pR B

L, =BCELoss(G,,S,) 9
A GAC R WS AR v 1Y B E; S AR E X #E

mask THAE .
SR R R R
(10)
K AHBE R, 73518 0.01, 1 F10.1; A, A
N 2300 R vt s RUBE RV B 450 eR A Ll i
SCAYEN R SR

20210924-5



ISk A2

%94

www.irla.cn % 51 %

©
B 4 JEE SR S HEIERT . (a) JEL (b) K40 53 HIEL; (o) HLBK 43
il

Fig.4 Comparison of original image and different segmentation images.

(a) Original image; (b) Fine segmentation map; (c) Rough

segmentation map
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Fig.5 Comparison of feature visualization of Conv5_3 layer before and

after adding each module. (a) Original image; (b) Baseline;

(c) SFEM; (d) AFRM; (e) Proposed method
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&4 AE NMS XREARRETHXLER
Tab.4 Comparison results of different NMS types at

different thresholds
Type IoU=0.5 IoU=0.6 IoU=0.7
Baseline (NMS) 49.30 49.91 53.47
Proposed method (NMS) 47.32 47.85 51.00

Proposed method (DIOU-NMS) 47.28 47.85 50.75

Bl 6 Xt T30 U5 ik 5 CSP A E A I 25 2R
LLEMERIR CSP 530 RIEM LI 91T A B AR, 7T
PLF i, CSP fe /™ B £, 47 AN 51 Sl B

(a) (b)
6 FRATRMZEHST . (a) CSP KRMIAEAR; (b) SCHh oy iR 25
Fig.6 Comparison of some test results. (a) CSP test results; (b) Proposed

method test results
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CSP'"™ | R2ZNMS™! | MSAF?'| PRNet?, PEN@!
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A TR BRI TR] . DAFR 5 AT LAFR Y, RepLoss.
OR-CNN #il PRNet J& £ % 17 AR HE 17458 2% ok B4 1
iy, PR FE D38 43 HE P 1947 N\ Bare 4 13RI
BT AR s MSAF J&—A> 2 R 1 22 RUEE By Al
BB, BRI TURE A 77 AR, B DUBT T S P4 3 Rl 44
/I Reasonable T84T AR B IF ML R . 5X
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BT 47.28% I MR, I B b i MERE, 7 ALl 748

& 5 CityPersons £ #FE&EXTLL

Tab.5 Comparison of CityPersons data sets

Method  Reasonable Bare Heavy Small  All Time
RepLoss 13.20 7.60 5690 42.60 44.45
OR-CNN 12.80 6.70 5570 4230 42.32

PRNet 10.80 6.80 53.30

PEN 10.40 7.00 47.40 - - 0.36
MSAF 9.50 7.10 48.40 15.50

IDC 10.70 - 50.60 14.70 41.40
R2NMS 11.10 - 53.30
CSANet 12.00 730  51.30 - - 0.32

APD 10.60 7.10 49.80 15.70 - 0.16
Couple 12.30 - 49.81 3831 40.39

CSP 11.00 7.03 4930 16.00 - 0.33

Proposed 9.85 6.82 4728 1393 36.65 0.36
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Tab.6 Comparison of caltech data set

Method Backbone Reasonable Heavy All
ATT-part VGG-16 10.30 45.18 -
RepLoss ResNet-50 5.00 47.90 59.00
OR-CNN ResNet-50 4.10 45.00 -

SSNet ResNet-50 6.30 - -
PAMS_FCN ResNet-50 4.50 47.40 53.70

Bi-Box VGG-16 7.61 44.40 -

AR-Ped ResNet-50 436 48.80 -
CSP ResNet-50 4.54 45.80 56.94
Proposed ResNet-50 4.32 44.04 56.34
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Fig.7 Model failure scene
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