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Abstract: In crowded scenes, factors such as occlusion of the pedestrian body and varying pedestrian
scales lead to a decrease in the precision of the detector. Since, the pedestrian head tends to be lightly oc-
cluded and it can be used to assist detection. In this regard, a pedestrian-detection algorithm based on joint
head and overall information was proposed. First, a feature-extraction network built upon dense connec-

tions and enhanced fusion was designed to strengthen multi-scale feature extraction and to improve the net-
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work’ s sensitivity to pedestrians of various scales. Second, the sampling mechanism of the region-propos-
al-network module was optimized by introducing a non-uniform hard-example-mining strategy that discrimi-
nated according to the occlusion-overlap rate; this strategy concentrated on heavily occluded hard samples
and enhanced the network’s adaptability to occlusion. Next, a joint head-and-body detection strategy was
constructed, and the post-processing stage was refined so that head-detection results could recover body
boxes that had been erroneously suppressed by occlusion, thereby reducing the missed-detection rate.
Meanwhile, the loss function was further optimized by incorporating the characteristics of the joint detec-
tion box, so that mis-detections and missed detections caused by occlusion were alleviated. Finally, the ef-
fectiveness of the proposed algorithm was verified through experiments. The results show that the pro-
posed algorithm reduces the log-average miss detection rate by 5. 7% and improves the average precision
by 4% on the CrowdHuman dataset with a higher degree of occlusion, and reduces the log-average miss
detection rate by 2.4% and 2.1% on the two small-scale subsets of the TJU-DHD-pedestrian dataset,
which effectively enhances the detection capability of both occluded pedestrian targets and multi-scale pe-
destrian targets.

Key words: pedestrian detection; joint detection; multi-scale feature fusion; hard example mining; post-

processing optimization
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Fig.2 Overall structure of pedestrian detection algorithm based on joint head and overall information
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Lyit=—In(1— N/ +
ToU (boxlsil, boas™)) s, (17)
Lyt =—1In(1— IoU (box}i&, box}*))si*, (18)
Forf s FRBOATY A, At R AT 2 A o A 458 K 1
BT o L 5 Lot T4 R G 1 8 A A A1 Sk 36
M2 R L K FONBR L L 5 Lo JH T

b 1%l A R B ) e G A HE Sk S AE < 4
I, A8 AR 68 AR 0 H BRAE NS NS g
] Sy e A G 0 RN Sk RS I X R B NMLS ]
boxys 5 boxyl 43 W R R AT — KA AT 4
B R AR RN Sk R SEAE L box 5 boa S
) 7 B A HEARRN S A S AE 50 5 she 4y )
FTR boxt™™ 5 box" Xk N ) B AE BB

4 ZBHRER5 5

4.1 KWIRE

A SCHE AT 296 0, BT 484E & 4224 Ubun-
tu 16.04, 4K ¥& 19 = 22 8 {4 28 55 4 : PyTorch
1.5.0,CUDA 10. 1; B {4V 5 24 : GeForce RTX
3080 Ti GPU X 4. 7SR ZRibd 7, 2 Mk
LA SOk R SR E N IR A S
BB AE L) K Z B0 A Ab 38, R AT BE LA BT
Pk #8347 35 4~ epochs W Il %k , &4~ GPU L 1)
batchsize W & N 4,3 & H FixHE N 0.937,22 >
R M warm up (9 5 B, W BR(E & R 1. 25 X
10, 7E 5 14> epoch Y45 1 R 2% AL 2 %6 800 K %
R 22D RE PR N E 1. 25 X 10 °, BRF AR
A5, Y2k 25 244 epoch B, 2% 2] S EFEAR 2 JFOk
B 10% , 2 25 28 4 epoch R}, 2% 3] 3 4 i, Ry i ok
M 1% o
4.2 HFE&KE5FEER

TE 90 UE 5k W Be B, £ A CrowdHu-
man'®"', TJU-DHD-pedestrian "' fl CityPersons'*
AT KB AR AT S g . Hod, Crowd-
Human £ 4 4 3543 % 15 000 3K 11254 F1 5 000
skl R4 I Rk E R E 2 23 N B AT A%
P IR BN, BE A% B 3 )5 A SO ST Y
1952 2 AR A o, DG AR 8 38 A 30 R B30 76 X
BEPAT N H R 0K B8 71 3 TJU-DHD-pedestrian
A ETTE SRR AR 7 N TR = Ol N7 SR B 7 e a1 R =
TJU-Ped-traffic #1 TJU-Ped-campus, & £ 5
75 246 5K Bl 5 373 241 AR TEMIAT N B bR
B AR K H IR MERE AR 2 o A, i B i
LB B AR R R /NRR s 04T 1T X043, R0 53 46
41 5 Reasonable, Reasonable Small 5§ £ 4~ F
PR E G IR A 2 REAT N HAR
Kl B 77 5 CityPersons A Jhy 28 L 9 47 A AG: I0 250 4
A 03 A 36 T AR 0 AR X AN ()3 B AR AT N
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R J3 o 15 50 10 54 HE BT 7 SO
R B AP AR HOT-29 T 16 38 MR 5 £
Hibi L LR TS0 2 I (19) B3k (20) B 7

1
AP :J Precision( Recall )dRecall, (19)
0

B ORES— B AR =R R B RS A R Ak
1~K 3R

®1 CrowdHuman#{#E&E k., BUVEK G

Tab.1 Influence of 7. value on CrowdHuman dataset ( % )

AlR*%=J”A4R(F14U)dFPPJ, (20) Value of fua AP MR
! 10 87.2 45.7
o AP (B B R MR (R AR, 108 5k i K 20 97 G
PERE B H 4 . Precision, Recall F1 MR 43 5| % 7~ 20 o7 3 -
A5 NG I 5 0 ME B A8 8l 2RI K % . FPPI " - - s
PR B R R T B RS R A i
43 HHZRERSHH v o o
1 L0 o 01 0 0 o 0 3 v o o
KT S B MOS0 560 o B v O X " 678 -0
/6% 110,20, 30, 40,50, 60,70, 80} , F Ax 2 ¥ it i T -0
%2 TJU-DHD-pedestrian #{#E % F 7., BUE R &
Tab. 2 Influence of #,,. value on TJU-DHD-pedestrian dataset (%)
TJU-Ped-campus subset TJU-Ped-traffic subset
Vailel of Reasonable Reasonable Small AP Reasonable Reasonable Small AP
o (MR %) (MR *) (MR ) (MR %)
10 27.4 72.4 57.3 21.8 34.6 62.2
20 27.4 72.3 57.4 21.7 34.5 62.4
30 27.3 72.1 57.5 21.7 34.4 62.4
40 27.3 72.0 57.5 21.6 34.4 62.5
50 27.3 71.9 57.6 21.5 34.2 62.5
60 27.2 71.8 57.8 21.4 34.2 62.7
70 27.1 71.8 57.8 21.4 34.1 62.8
80 27.1 71.8 57.7 21.4 34.1 62.8

# 3 CityPersons##E&E /., BERE

Tab.3 Influence of 7., value on CityPersons dataset( % )
Value Bare Reasonable  Partial Heavy
oftee (MR?) (MR (MR (MR

10 7.6 11.3 11.0 48.4
20 7.6 11.2 11.0 48.3
30 7.5 11.0 10.9 48.1
40 7.4 11.0 10.7 47.9
50 7.3 11.0 10.6 47.9
60 7.3 10.9 10.4 47.7
70 7.2 10. 8 10.4 47.6
80 7.2 10.8 10.4 47.6

HRPE e 1~ 3 i iy SE B0 25 A nl 0, 24 B {E
Lo UL TO B, B06 A8 =47 ARG I 098 4E
125G PERE Y Ry e L, R R 20 R 700

WA, A SO A ) 1) 52 96 B 55 T 587 U1 50T
WK T @A T FPN 4544 /) Faster R-CNN 8%
FEe FLAE R FE L SR Rl B e T — S g oy 2
AT NG I B3 v R A7 6 L S 36, 2 17 56 UE T 2 4R
A RNE . XTSRRI R A~FK 6 T .

MRl 3% 4~ 6 JT /R 0 85040 W] R0, AH LE T 2R 4R
B AR SO R BRI 2R A T REEUE T B B AR
Tt H 7 CrowdHuman 5095 5 | AP {H 2 5
T 4% MRMEMEAR T 5. 7%, IF B 5 HAh £ 3747
NG B39 R L, T 8 B8 A BRI 2
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Tab.4 Results of comparative experiments on the

CrowdHuman dataset (%)

Algorithm AP MR™*
Faster RCNN+FPN (Baseline) 83.8 50.7
Algorithm"” 87.3 50.1
RetinaNet'"” 80.8 63.3
YOLOv3™ 83.1 54.2
YOLOv5 84.1 51.8
FCOS™ — 48.3
Adaptive NMS™ 84.7 49.7
Soft-NMS™*" 83.9 52.0

JED"™" 85.9 —
CenterNet'™ 79.0 53.9

YOLOvVS 85.6 —

YOLOvVI10 86. 2 —
Ours 87.8 45.0

Ho UL AT AT, TR AR LA 1 R G P AT
N HFREIfE 1 548 TIU-DHD-pedestrian 54 4 4
P F Ao 7R BN ROEEAT N B AR 40 WY Rea-
sonable Small F 4 [ MR*{H 4 5 FEAK T 2.4%
12.1% , 76 t 1B 5 REAT A B bR 4l % 5 Reason-
able T4 I MR H 73 B FEAR 1 1.6% F11.5%,
S APE A AR FE T 3. 4% A 2. 8%, JF H45
RS R (AR i D E A A7 S £ O ] I 51 I 7=
w2 ROEAT AN H b5 09k I 68 ) B B As 1
$& 7t 3 78 CityPersons £ 48 4 [, BF 4& 55 0% 75 K
P44 o™ A Heavy 7 4 L3 £ 1% 00 38 89
Partial 7 #£ #1 Reasonable ¥ % - # B 18 T &
G ) A% AR, AR A P AR AR ) Bare
% LM AEmg i T OR-CNN B ik, (H 22 BE U A
0.5% o Uk vl AL, T 2 58 X R [ G B R
BB AT N H bR 2 BE 26 B0 A o (e B AR
PERE , H & B0 0l N

&5 TJU-DHD-pedestrian #{#E5 5 FH T L LI E R
Tab.5 Results of comparative experiments on the TJU-DHD-pedestrian dataset (%)

TJU-Ped-campus subset

TJU-Ped-traffic subset

Algorithm Reasonable Reasonable Reasonable Reasonable
(MR ?) Small (MR ?) (MR ?) Small (MR ?)
Faster R-CNN+FPN (Baseline) 28.7 74.2 54.4 22.9 36.2 60.0
RetinaNet""” 34.7 83.0 50.5 23.9 37.9 58.4
FCOS™ 31.9 81.3 51.1 24.4 37.4 58.7
Faster R-CNN-+PANet"*” 28.2 73.4 — 22.4 35.5 —
Ours 27.1 71.8 57.8 21.4 34.1 62.8

Fz 6 CityPersons H{#E&E F T EE LR

Tab.6 Results of comparative experiments on the CityP-

ersons dataset (%)
) Bare Reasonable Partial Heavy
Algorithm ., ., — 2
(MR %) (MR *) (MR *) (MR ?)
Repulsion
[30] 7.6 13.2 16.8 56.9
Loss ™
MEGP™ 7.9 10. 9 10.9  49.9
TLL™ 10.0 15.5 17.2 53.6
ALFNet™ 8.4 12.0 11.4  51.9
OR-CNN™ 6.7 12.8 15.3 55.7
CCFA-Net™ — 15.4 — 52.9
Ours 7.2 10.8 10.4 47.6

Zi Loy al o B P Sk 0E T T R AR N E
e 5P BT A INAT: 55, BE 6 Vi 0 A 00 11 3
SEANMERAT AR Z R EST ANAR. AT
0 L UL b R BRI R Rk 9 A A B2 TRk
A A X R — 3 5 AT N B B R I 2 R R
PRINE 4~ SR o b 181 4 O SR 2 B TA i A
A5 2R T 5 O AR SOk B R 445

Oy AT 1 4 KPS 2 B ks 0 45 R R BT 4R
B ARG R P O T B A A LR
B AR A I A SR P B T A b T R — e
EHT A9 AT N A G A AR A /N ROEEAT N Tl AR
SCRE T TR T kR BRI S R AR S
PR JH RS A7 A 788 0 ol T S P G I 41
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Fig.4 Detection results of the baseline algorithm

Bl5  ARSCR LRI AR

Fig. 5 Detection results of the algorithm in this paper
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AN R G . [, B 42 5006 i) DF-FPN A%
BB % 28 B 4w A B0 2 RE RREE B Bt
il 8 1 6t 2% ) T R A /N RUBE AT N 8 A6 T 2R B
A RO BEAR T R A %
4.4 HRMIWERSHH

B 6T B S 56 A1, AR S 7 B R B i 52 2 R
% 5 ) 5t 1 CrowdHuman 2046 5 #E47 114 il
S, ELR T 1 R AR R B i B A B RS
DF-FPN 2544 | BT $2 N M A 32 48 SR ms k3 5
o A R G T SR e RITIBR A5 01 2 bR B, A U R B E

5 A WO AR X B T A DU ) i T AR L e
(0 B DA 8 AR A R 7 8 BE AP R BOT- 35 T
8 MR, {4 il 52 90 25 SR N 3R 7 s o

HR 4 2% 7 T 7R 14 3 Rl S 30 445 SR AT AL AE SRR Ak
R LR 5] A DF-FPN 2544 J5 , 5 1 19 AP
HIEF T 0.9% , MRPEFEAR T 1. 2% 5 i — 20 5]
A MR A 12 08 SR 0 I, SR AP (E T T
0.6% , MR “fHFEME T 0.9% ;5 5] ALK 5%
PRIE A R S s IS, SR 1 AP AR T T 2.0%,
MRAMEREE T 2. 9%, 5 RIS T 5 K
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Tab.7 Results of ablation experiments (%)

Algorithm DF-FPN WIEREASIZ I8 SR M L3 SRR Akl o ms BRGHR %L AP MR *
N NG NG N 87.8 45.0

Ours NG NG NG X 87.3 45.7

NG N X X 85.3 48.6

N/ X X X 84.7 49.5

Baseline X X X X 83.8 50.7

A3 TH, MR A Bk — P AT 1 0. 700 B9 T R .
PRI P AL AR SRR 0 254 et A5 e 4 i e i B
ARG BE 1 B T, A O G i 1 DR R R
A Al T AR L RS A R e R A R T
5 & #®

AR SCRE X A2 2 N 5 B 1 5 AT N H AR
2P AAT N H bR ROEE A — 85 A 3R S Bor i 4%
RS JEE T R U G 5 T e B[R], T Faster
R-CNN B ik B A7 oot , $2 i1 — i 2k 7 Sk i 5
PR SRS BOAT AR IS 1 . 1 % TERAE R 1K
PRAT BT T — ol e T B R 4 5 S B
IE B H 00 285, T 5 B 5 AR B0 22 ROBERRAE 45
B T B2 T R 25 3 22 ROBE AT N H AR ARG R
JE 5 U, 0 DX sl g A8 I 45 ) SR A AT TR
A, BEIT T — ol T A A 1 A A 2 5T TN
SRR AR 425 41 R W (o A5 52 P I R I B S T A
5 > B R Y DR YA AR 0 5 A TR A S
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