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Abstract In crowded scenes, it is difficult for YOLOv3 to detect the objects that overlap each other heavily. Aiming at
the reasons for the decline of YOLOV3 performance, three improvements are proposed. Firstly, a Tight Loss function is
proposed, which optimizes the variance and mean of the coordinates of the prediction boxes to make the prediction boxes
belonging to the same target more compact, thus reducing the false positive rate. Secondly, a high-resolution feature
pyramid is proposed, in which the resolution of each pyramid feature is improved by upsampling, and shallow features are
introduced to enhance the differences between adjacent sub-features, so as to generate distinguishing depth features for
highly overlapped targets. Thirdly, a detection head based on spatial attention mechanism is proposed to reduce the
number of redundant prediction boxes, so as to reduce the computational burden of the non-maximum suppression (NMS)
process. The experimental results on the crowded dataset CrowdHuman show that the average accuracy and recall rate of
YOLOV3 detection are improved by 2. 91 percentage points and 3. 20 percentage points, and the miss rate is reduced by
1. 24 percentage points by using the proposed algorithms under the condition of using the traditional NMS method, which
demonstrates the effectiveness of the proposed algorithms in boosting the performance in occluded pedestrian detection.
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Fig. 1 Tllustration of difficulties in occluded object detection. (a) Loose prediction boxes of heavily overlapped objects; (b) center points

of prediction boxes of heavily overlapped objects locate in same feature grid; (c) most regions in occluded object box occupied by

foreground object
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Fig. 2 Convergence results before and after introducing Tight Loss function. (a) Variance of convergence result of prediction box is

relatively larger without Tight Loss function; (b) prediction boxes with different anchor frames as starting points tend to be

consistent after introducing Tight Loss function
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Fig. 3 Schematic diagrams of high-resolution feature pyramid and insertion position of spatial attention prediction head in network.

(a) YOLOv3 network; (b) high-resolution feature pyramid; (c) center points of heavily overlapped objects locate in same grid in

original feature pyramid; (d) center points of heavily overlapped objects locate in different grids in high resolution feature pyramid
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Fig. 4 Schematic diagram of redundant bounding boxes with high confidence in high-resolution feature pyramid. (a) Target box in

original feature pyramid and its confidence prediction; (b) confidence prediction and redundant prediction boxes generated by

upsampling mechanism; (¢) confidence and prediction boxes filtered by spatial attention mechanism
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Fig. 6 Schematic diagrams of spatial attention prediction head

and spatial attention residual block. (a) Spatial attention

prediction head; (b) spatial attention residual block
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SCHT AT I S 00 5 R AR R AR B R AR A ok Y o

ZEE B B A = A TR AR A, o R T B
(M) TR F (M) F1H R (M) o F 298 BE 2
H bk I8 35 b e I PR R AR, B R R T A
(1] 25 FIOKE V6 B2, AT LA 4 T 24N — ARG 0 A R ) 1 e
SPGB (R R AR e M RE AR A o 25 R AT K I
1255w F VA F5 45, R AE T 78 K8 [ B PH 2 B (E
TR R KN o T JRORXT TR PR AR UK, BR R
AEARAC R PR RE AR 4. A ] S 2 I AT 1 IE B L0 1 H
Bt i HAR S ] o A3 ] SRR R AR 3R 1 BE AT
HFEEAH
~ Np
o N'I‘I’ + 17\71-‘.\' ’
K, N b B FAFRE A 5 N A IR IR A B
4.2 KWIFE

J 4R YOLOvV3 Y 4l HE U Fie ML i & 4 4> B #x VT i
—ANEEHE X g R 2l AR R Y OLOv4 A8 ik B Jf A
SRR AR, B B YOLOVS 4 4% HE DT IEHL i e S —
A B AR AT LLVC L Z A48 HE , 7T 2w

MRPCZ‘IH ( 9 )

w, w h h
M oiives  Max ,—, —, <40
Manchor - Wy W, h’l hﬂ ,
Mncgellivc ’ O'[hGl’Wlse
(10)

Ao, w, A, 53 352 2 1A HE M e 19 968 5 55 5w F A,
5350 R 2 W0 H ARAE 1Y T8 5 8 5 M peie A IEFEA 5 Mg
ke, 210) 1 & SO Y B RHE 5 2 [T H A
1) 55 2 a2 H/N T 4. OB A K IZ A HE 5 24 /i B
B AH DR C , 40500 Ry TE R A 5 7 ) ) S A2 i AE R B
FEAR

BB YN A R SF A 640 pixel X640 pixel, 32 5]
FRSF R B K 31 672 pixel, Y1 25 i 45 44 800 £ 5 96
KR, B R A B (epoch) 2 300, 2K FH Fifi ML AS JiE
TR (SGD) fi Ak g % 1 45 k47 A0 A AL, FHAY 3% 2% )
R R W A A 3] R IR B AR 2T R 0. 010,
Lk E 2 E R 0,002, SR E N 0. 937, AUE I &
0 0.0005, LA Mosaic Al Mixup™” iy [ 1% 34 58 5 5,
ANRHZREINGS 2 ROE WL, 52 5% 68 AL
PyTorchl. 7. 1 FHEHEH, JF R ] 4 5K NVIDIA RTX
3090 GPU LAFHAT I J7 AT 45 .
4.3 HRLZEIE

PLYOLOV3 Ay F 28 455 71 X} fir $12 1 A ol 0k 580 3
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708 Ml 52 5% o AE SC R b, JR IR YOLOvV3 #E A
YOLOv3+HRFP #i # #1 YOLOv3+HRFP+SAPH
BRI SR 4. 235 i S 56 15 B AT U 2R, 3 B2 1
R = A 25 58 B A EE S LAl in A Tight Loss
PRIER IS DR AT O B A B B 400 A BEGIE R
P A5 2 A1 BH S 400 1 4 L SR Adaptive NMLS 411 il
SR o Ak B T A TN AE % H GE N NMS B E T
B A 0.5, BV 24 A 2 AfE 22 8] 19 ToU B /N T 0. 5 B,

Fie B AL 48 1 NMLS J7 3L SR Il TC R AE o 45 W), AR 438 i
W AE (1% %% B ok [ Gl A NMS . WEFEEMN
&, Adaptive NMS 53 A48 i I 26 i 75 1 B AR 9
AT Bk U NMS [ {E , i % — R iR 215 B
THEAS B B bR % B EAE N B & Y ToU B{E , LA 1k
AN (RS 7Y 25 58 TN 6 L A i 22 X6 90 il S 56 4 N S
P A ), SEEAE SR AN SR 1 TR, = b £ s R
X 7 3 A A A A

F£1 KT YOLOVS ¥ 1 il 5 1 45 51
Table 1 Results of ablation experiments based on YOLOvV3

Tight loss HRFP SAPH M, /% My /' % Moo / %% Reasoning speed /(frame-s ')
86. 84 49.52 90. 68 38
N 86. 86 49. 38 90. 65 38
NG 89.53 48.30 93.80 26
NG NG 89.57 48. 14 93.72 26
N NG 89.72 48. 34 93.81 32
NG N NG 89.75 48. 28 93.88 32

M6 145 B AT LA Y HREP B8 8 1] LA 2% 42 T
YOLOv3 #E B F 2 4 4 H AR s e pe . 2/
3 B 0] DL R R S H A A A 4B HL AT 43 B TR
FRAE, SE W42 A H AR A B, AHE R i YOLOv3
B HRFP BEHOK A R4 TE T 3. 120 F 40, B T
SRR B R 5 A IR A DG, R O RS g
T+T2.69 M E . TEMMAT Tight LossJ&, " LLE
), JC &R YOLOV3 B IA & M A T HRFP J5 1
PR R RAAE — BB, o ARG
YOLOvV3, A Tight LossJi , ZRFEML T 0. 144 H
A3 AHES YOLOV3+HRFP R Tight Loss 4 %4k %
FEART 0. 164N E 0. BAREGER RN, IR 5 4
] SR FEACRAR 3 15 B B A 25 2 e ) i3 2 A5 25 T Tight
Loss A5 TRMHE Bk S i K iR PR TR

AR HREP B n] DL 5 25 £ TH A 7Y B Az I 48 #rs
ERH FHE S TRIEN PR s B G E kT8
15 B2 BAE) 04 70 A% TOUI AE 23 503k 14 i, 34 K T NMIS i
BT E R, R LA A, AR IR YOLOV3 AL,
HRFP 158 (i A5 4 25 B R B T 12 frame/s. 7E/IA
SAPH JG . AMCE ¥ RE EEER T T 0. 194 A 43 i, B A

I HE P B R 32 FF T 6 frame/s. X —3FF FEE 25
T ML (A I Sk B e v AR A B R AN
0T X RS H bR 0 G B e uE T B H AR T
AT AE , HE T AR T NMS 3 #2189 338 A . A AR
JE b YOLOv3BLAY | Ak it A SAPH Fl HRFP J5 fe ¢
WP E R T 6 frame/s, {HZSF G EHTHT 2. 91
ANEE, BRRET T 3. 200 H 085, BRETHK
T 1240 A 4y S S UE B R B 0 A T R TR R O
DT TUATMNAE , 0% 2 BT s, Ge it T 76 A 5 E
oS R AR R A (Mo, ) T SUIAE A . o H
FR HRFP #ibe S 8 SAPH M, 3% 2 th g J5 —17
Variation & 7% [ J2 76 AN [] B {E T SAPH A B Xt 5 i Az
B gm ., mE—H T UES, 8EE KT Oomm
T K5y HE A% 000 HE B ) SRR R [, & B SAPH
B HL AT LA Rk 2 70 A T AE B9 B0 i B A R T
0. 2 [ B0 HE A B 2067 D 3. DL B
B SAPH B B $2 T4 T 045 %5 35 43 H 4w 59 0 530 € 7, B
FEAR T AF B AR B0 & A5 B 3 A T H AR XY B 1R
B X E AR 55 T = I AUE A AR B8 B AE
AT A5 B L e VEH .

F2o AR T HLHG B0 £ K 5

Table 2 Influence of spatial attention mechanism on number of predicted boxes

Mode 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
H 374911 141925 107315 90477 77812 65193 51491 36305 21742 8725
H+S 358712 141581 109261 92790 79855 66961 53084 37489 22575 9154
Variation ~ —16199 ~ —344  +1946 2313 42043  +1768  +1593  +1184 883  +429
Kl 7R T SAPHESH HbR EAS M. | .

7o [ B B S A s H bR A R X, Bk
X3 B H AR G SRR R . an 7 B R sk U A
KB A T SAPHE S, Bbrd.om 8145
DX 358 T AR /0N L I L G 1) 25 BRAE P sS4 L X E
SR B R CR T B A5 ) IO HESURE 20 1Y

4.4 FTLLELIE

R 5 A B IR T 4R B R A R TR NMS Bk R X % 4R
WY H bR A P BB B9 $2 T RCR X B T AR 5 A R AR
NMS 5 vk T B [ A6 0 B, 43 91 2 14 48 i NMLS 11
Soft NMS, LAIE B i # 5 9 XF AN [6] NMS J7 v 19 & #
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K7 BhEFERIE

Fig. 7 Heat map of target confidence

PEo MR S5 R A3 3 R, Hoh T 38R Tight Loss bR
B, R 735 X 10 b 1 e A A0
# 3 I NMS J5 ik TR B PEREXT L
Table 3 Performance comparison of models under different
NMS methods unit: %

J5 B9 Y OLOv3 BRI AE 47 AR I _E B o 1
R4 PRITIE S MG AT AR S A9 X L

Table 4 Comparison between proposed algorithm and current

advanced occluded pedestrian detection algorithms — unit: %

Original NMS Soft NMS Adaptive NMS

Algorithm NMS Method M,, My Mgy

Index

H+ H—+
YOLOv3 YOLOv3 YOLOv3
T+S T+S

T+S

M,  84.97 88.38 89.04 91.41 86.84 89.75
My, 50.39 49.14 50.26  49.07 49.52 48.28
M, 88.85 92.66 94.97 97.32 90.68 93.88

Recall

P ¢ 3 AT, 7 [R) s 7 AT R A = Rk i AR )
MRS B YOLOV3 TEL 48 NMS T ik i 45 4985 1
A BRI R TE T 3. 414 20 5 M 3. 814N 4 A,
il 153 5 R EAL T 1. 254 F 43 4 5 7E Soft NMS 7 ik
TS AR Y BE AN A R AR R T T 2. 37 A 4 R
2. 35 H 4 i AR BRI T 11940 H 43 45
TE Adaptive NMS J7 2 N fd 45 7 XK B2 R 43 71 32 43 J31)
PRI T 2. 91N A S A3 20 N EH A S L iR B R ET
BT 12440 20 oo LA B &5 5 36 0 T 48 30 0k X R [
NMS 7k B S,

[N N T 7ol R Re 1 e = I v L K A R )
Se b AT XS L, DAE B st IS 19 Y OLOv3 BRI AE
AL P H bR R B S T X H s R ok 4 BT
TN LR HPIHLI &5 SR 45 W AR R . 4],
W BT 2 9 ok A T YOLOVS & 2% )5, 76
Adaptive NMS #1 Soft NMS 1§ 6L T , = T ¥4 45 #r 3
SE 1 ) N R TT U Rl T | B2 U S v - N7
Original NMS1& L, HAE V-8 2 5 & R R W48
b LT RIS . UL RS R R, ki

RetinaNet'"”! Original NMS 78.33 65.22 94.13
IterDet (RetinaNet)™'  Original NMS 84.77 56.21 91.49

Faster RCNN'/ Original NMS 83.07 52.35 90.57
PS-RCNN'! Original NMS  86. 05 93.77
IterDet o

. 25 Original NMS 88.08 49.44 95.80

(Faster RCNN)*
YOLOv3+H+S+T  Original NMS 88.38 49.14 92.66
RetinaNet'"”! Soft NMS  78.10 66.34 95.37
Faster RCNN'" Soft NMS  83.92 51.97 91.73

YOLOv3+H+S+T Soft NMS  91.41 49.07 97.32

. s Adaptive
RetinaNet " 79.67 63.03 94.77
NMS
1] Adaptive
Faster RCNN'" 84.71 49.73 91.27
NMS
Adaptive
YOLOv3+H+S+T 89.75 48.28 93.88
NMS

4.5 TEMLER

A R T 4 BA R 6 R R B T Y P 2
W B8R A Tight Loss pRECK K M HE B 28 PE 38 7t
B E PELE S . 1 8 v R I 2 R 4 NMS J5 Ab B 1) 25
SRV EAS R T M AEER B R B T ROk LB
7R RE T [A]— H FR 0 A [ B0 AE ) s v . o [
8(b) ., (d) H M HE J 5 1H YOLOv3 1y A i &5 2, 5] 8
(a) . (c) " RYHE A fif F Tight Loss #E17T 30 2 5 B9 45
W ATLLER, 4a0d Tight Loss ALV S, H FR H il
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o Hordr 5 9Ca) (c) H i AE Ay ek 352 iy 93 0 2%
E 9(b) . (d) M YOLOVS By K I 45 5 . & 9 v fr
A T HE AL J& 28 b Adaptive NMS 4B 5 B TR .
a)
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MEL9 (a) (b)) B XF L Hh ] DL BT B 480 3 x4 A
JE P H bR AR DM R A R T ROR . DUIEL 9(e) |
(d) By XF He A ml LA H Tight Loss pR £4 {75 7 0] e 56
o 58 RS R AR AR P 2R R B R RIOR .

8 Tight Loss XTI PERERYFZ A . (a) () Gid Tight Loss S 2 5 B9 B ZE 5 5 (b) (d) R £ Tight Loss 4 5 B9 00 45

Influence of Tight Loss function on model performance. (a)(c) Prediction results after Tight Loss fine-tuning; (b)(d) prediction

(a) (¢) Prediction results generated by improved YOLOv3;

based on optimized YOLOv3 algorithm[J]. Acta Optica

Fig. 8
results without Tight Loss adjustment
B9 BERIZE S PEREXT I . () (o) Bt YOLOV3 BB 452 5 (b) (d) G YOLOv3 i Bl 45 R
Fig. 9 Comparison of comprehensive performance of models.
(b)(d) prediction results generated by original YOLOv3
5 45 1®

B Ko 224 T R B T 1) G T 4 E TR X 9 AR Y
HArG st R A R 24 38 0 7 =S80 1D ik
I 1 — % Tight Loss B8 & A4 T8 — H A5 1Y 224> F i
HE By 55, DT AT AR B 236 5 2) Bt 1 — Tl i 43 B
G LR TR B S B AR TR AR A R] DCoE 5 3) $
T s ) R R Sk, R T D AL 4 T 1)
OIS M= R (SR i A R S S R S R = R V)
P 7 A B TC A% 00U HE KR, 2 77 B A TR A P
Sy g AE BT B R A ROTE R B AT N B R
CrowdHuman b 47 T 5056 . o a5 R R, & 20 Bt
R BT LA Oy S H bR A X 0 TR R
fiE X AR BLAE A 10 58 2 & 42 7t 1o b, Tight Loss
TE 185 3 FE R 4 0 1 SR AL L — 2D T T O AE ()
e C N1 3 I Rl R N R RN E R AN 6 = e
TEXT R A S - . SAPHBLH AT LA &0 >
TUAR TH0IN HE % 50, 33X 1A B 78 Xof o 2L B8 119 db 35 4 ot
b LR BT, P B AR AT LA AR AR A X Y H
T B9 G 00 P 6

& £ x W
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