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Abstract: In complex nighttime scenes, factors such as light variations, pedestrian occlusions, and vary-
ing pedestrian scales lead to a decrease in pedestrian detection accuracy. Addressing this challenge, we
proposed a dense pedestrian detection algorithm based on multi-scale feature fusion for low-light nighttime
scenes. Firstly, a bidirectional path feature aggregation network integrated with self-attention and convolu-
tional mixing module was designed. This enhanced multi-scale feature fusion and improved the discrim-
inability between pedestrians and background, thus reduced the impact of target scale variations upon de-
tection. Secondly, a multi-branch joint detection strategy was constructed. This strategy effectively lever-

aged the strong discriminative power of pedestrian contours, legs, and arms in low-light environments to
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assist detection, reduced the impact of weak light and occlusion. Next, we introduced consideration of cen-
ter distances between detection boxes during post-processing. By reducing confidence scores for severely
occluded boxes and performing re-selection, we successfully retained correct detections of occluded pedes-
trian targets, further decreased the miss detection rate. Finally, the effectiveness of the proposed algo-
rithm was verified through experiments. The results show that the log-average miss detection rate is de-
creased by 2. 8% and 3. 3% on the NightOwls and NightSurveillance datasets, respectively. On the L1.-
VIP dataset, the average precision and recall are improved by 2.1% and 2.9%, respectively. Further-
more, all three proposed improvement modules contribute to enhancing the detection performance of the al-
gorithm.

Key words: pedestrian detection; multi-branch joint detection; multi-scale feature fusion; attention mech-

anism; post-processing optimization
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Fig.1 Overall structure of dense pedestrian detection algorithm based on multi-scale feature fusion for low-light nighttime scenes
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AR SCAE 25 2 B b i A NightOwls™ | LL-
VIP* Hl NightSurveillance™ =~ 47 A K I %% ¥&
AR OK B E T $ B8k Y K PR e . H b, Night
Owls £ 4 45 b i A7 16 7 29 76 5 1) SR 4 HL a5 4
AFT AR R T B B AR
JE B HLME A 2 AT N2 R I R A B B
0, PR 12 BB As R T B b 3 D AR SCH SR 5 1Y
CAER PR VER/ S Rl | SR (S el s
TR BE S . LLVIP B4 =& N ROE IR
P A AT 55 M B i, A48 AT Nl R 22 7
RS R A T 5, TG GE T T g e R vk
M 25 A M BE . NightSurveillance 205 4 i 16 4~
DB T AW R 2 R R ) 3 T 1)
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H AR R 5 35 22 O RO IRER B JF
HAT N Z B A7 75 B 0 0 RURE 22 S FBE £, Pt e
AT TR B vk AR A TR) RO B S b Ry A T
TERE .

T VPG S0 0 A6 0 1 BE I, A SCES B AT ARG
K5 418 B 1) 52 PR 3 5 R AE 54T 55 I o 2% Ak ik
IR 3 1 BF Al #8 A5 : NightOwls #l NightSurveil-
lance %4 5 LA 0] e 42 % AT N H AR S 5 I
Ko oy FE R AN DRI SR F R B8O 1 e 2 MIRPAE
S VEAl R bR, BB 08 2O S i A AE IO IR A
HE 3 5T B T A BE ) s xF T LLVIP 84
B A A R B RS S H AR AR Y RE
1, A 30k F A 13K Recall 12085 BE AP AE
PG TR b5 o A AL I8 b 0 B 58 J5 ik =X (7)
~H (PR

1
AP = J Precision( Recall )dRecall, (7)
0

1
MR”:J MR(FPPI )dFPPI, (8)
0

Recallzi, (9)
TP + FN

Hooh, AP Al Recall {B % 5\ MR ™ {8 #8415 , 15
BA X B ARG  fiE B 2 . Precision, MR Al FPPI
ol AN AP OB 2 BN p g K5 QLD R )
S BB R K, TP 2 T 24 SR RN B S 45 R E R
7 NP5 B, FN 2R F 285 5 o0 1 550 B SE 45
RATTANRITEL -
3.3 WEEEWERSSN

FEXT B 1 5 B UE A S B p 1 BUE
YR ERE M sE ot TAT AN RS B/ TR /R
43 3 AR Ry g B ARG D 4y 57Ok HE— 2B 4R T AT ARG
DA 6 1 DR b 2 6 o 3 AT S B e ) {4
4 410.05,0.1,0.15,0.2,0.25,0. 3}, Hif s
BB 2 R B R HF — 3. 7E NightOwls K&
NightSurveillance £ 45 % b B9 5256 25 SR 4058 1B
/NG TELLVIP B 4 i Se s 45 Rk 2 i

Sy TR LAIER 2 P B S 45 T A, Y AR
SR p BUE R 0. 1B, i 4 5k 78 = A 8di 48 -
(P RE 38 R fe i, R I B AL B 8 R 0. 1,

WA, A SCHE T AH [R] 04 S 56 20 58 BT I 2R T
fill & FPN 4544 19 Faster R-CNN 815 3 LU AE
FELR B TR IR B P Bk S — 2 R AT A
SR HEAT PR BB XS LG A3 AT, LA Sk 50 I T 2 B 1k 1Y

&1 NightOwls & NightSurveillance {5 & E N E S %
v BB B 52 08
Tab.1 Influence of x value on NightOwls and NightSur-

veillance dataset (%)
Value of _MR?Z ) MR?Z.
(NightOwls) (NightSurveillance)
0.05 15.6 20.6
0.1 15.5 20.4
0.15 15.5 20.5
0.2 15.7 20.6
0.25 15.8 20.8
0.3 15.8 20. 8

R2 LLVIPHES ENESH RENFE
Tab.2 Influence of # value on LLVIP dataset (%)

Value of Recall AP
0.05 86.0 90.5
0.1 86. 2 90.8
0.15 86. 2 90.6
0.2 86. 1 90.5
0.25 86.0 90.3
0.3 86.0 90.3

A ROPE o AR SRR RO X R A B A 4 2 TR
i I R AE 5 T pe SR A AE 42 9 ACF™  Checker-
boards"*" & i ; 7F Faster R-CNN LAl I 38 3 o 37
i 398 DX 38l A= 1l A A IR B A B0 ) L 25 G R Xy
H w51 A TR A RE A 42 4 5 i B9 RPN+BF™
Adapted Faster R-CNN"" | Adaptive NMS"™" 5
SDS-RCNNH kL 5 3 1o I )3 ¢ AiE il & =) 8 1
T SCE R 3 SR RR AR 22 2] A5 SR W R Ak A I e
f) TFAN™ , TLL", Mamba-YOLO"™, Cascade
R-CNN“HIEGCL " 455 12 5 76 Tlk )32 b
FHH YOLO R 91535 % . 78 NightOwls ¢ Night-
Surveillance £ 85 5 I B9 X Lo 52 56 45 5 4n 3% 3 fr
7N, 7E LLVIP 3048 45 1 B9 6 L 52 560 45 R an 5% 4
i

HR 5 2% 3 R 3R 4 Bt s B Lb S 56 45 SR W]
e S SR AR L TR A R U T
fed Tt . Hod  7E NightOwls #ll NightSurveillance
B 5 B MRPAE 2 5 AR T 2. 806 R 3,304, 1
LLVIP#tda 4 1 AP{H4ETH T 2. 1%, Recall {8 2
FET2.9% . MeAh, 5 FHA AT AR DU 5 R A
Pl i 4 B v L IBOA T B AR R AR o Rt T
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%3 NightOwls & NightSurveillance #{ #& & E #9 3¢ Lt 32
WHER

Tab.3 Results of comparative experiments on nightowls

and nightsurveillance dataset (%)
) MR *?
) MR™ . .
Algorithm . (NightSurveil-
(NightOwls)
lance)
Adaptive NMS™ 16.4 21.6
ACF™! 51.7 89.3
Checkerboards™" 39.7 —
RPN+ BF™ 23.3 86.3
Adapted Faster R-CNN'™! 18.8 24.8
SDS-RCNN" 17.8 23.6
TFAN"™ 16.5 —
TLL™ 16. 4 22.9
EGCL"™ 15.9 —
YOLOvI1® 16.6 22.1
YOLOv12™ 16.9 22.3
YOLOv13™* 16.2 21.8
Faster R-CNN+FPN
' 18.3 23.7
(Baseline)
Ours 15.5 20. 4

I AR GE Y AT S8R S S B SRR A

() IR}, S 2k — 25 56 ik T 1 5 3 68 AS ] 2 45 7
JE AR REE H B i 4 I 1 e S iz AR BE 1, AR 3
FE X F A5 28 9 2847 A% 4130 70 (19 NightOwls 4
£ L4y B T N R F 4 (Small) f
F 5 3 44 T 5 (Occlusion ) 1R 65 | 52 56 45
W 5 R o

#5 SHEEENghtOwls/ NRESEHITAFELN
4 BE X Bl 45 R
Tab.5 Detection performance of different algorithms on

small and occlusion subsets in NightOwls dataset

(%)

Small  Occlusion

4 LLVIPHEE PN XWER

Tab.4 Results of comparative experiments on LLVIP

Algorithm » B

MR ? MR*’

Adaptive NMS™! 24.5 46.7
YOLOv11™ 23.4 47.6
YOLOv12™ 23.8 48.5
YOLOv13™"! 23.5 47.9
Mamba-Y OLO™" 21.8 45.6
Cascade R-CNN™"! 23.9 47.0

Faster R-CNN-+FPN (Baseline)  25.1 49.3
Ours 21.2 45.1

dataset (%)
Algorithm Recall AP
Adaptive NMS'™* 85.1 89. 4
YOLOv11™ 81.0 88.1
YOLOv12™ 79.0 86.1
YOLOv5!" 81.2 88.3
YOLOv9" 79.8 87.9
YOLOv10™ 79.1 87.4
Mamba-YOLO™" 84.3 90. 2
MDCF Vit 83.6 90. 4
Cascade R-CNN"9 85.7 90. 5
Faster R-CNN-+FPN(Baseline) 83.3 88.7
Ours 86.2 90.8

R J B B 1 R A AT AR T R B TR IR B 3 5 Y
A N BRI RE Ty o A2 52 BRI 75 T, 6 22 B
P& IR 55 0 2 P EOR B m i 3 5, 7 1
KL A A (0] 3R 0 A A8 T LR T R R ) A
%, HE A% Il 25 IR OC B 1 A at e A B8 X 3l e 4
5 U, X T O B 4 1) A7 N H AT % 4 4R RE

HR I 3¢ 5 7 7 A 52 36 45 S5m0, AR S etk I
AT NG I B30 925 A /N RUBE A N 4 0™ o0 38 1
TTANTH BB T RESOR . M T RELH
B, X BT U A R 4 0 BEAR T 3. 900 4. 206
AH BT At = IR AT ARSI B T B ARkt AR
By B TR =g O <o ] U NS 5
149 8 3k X6 T AN ) RO 5 A ]l 4 AR B A AT AN B
HABROKIERE, R RIFMEREESY
seid FH .

WA, S T B 0 U b A BT R SR 1 A R
P SEG IR 1 %6 T R Bk L — B BRI B vk
R A YOLOVIL, YOLOV12 FlH [y B A i A
P B S 1 Adaptive NMS, Cascade R-CNN
DA R AR S0t Je SR T R — 3 st AT A H AR
) T AL G 0 235 SR 35 B I K PR rh R 2 T AT
GBERY | AR R 22 5 DA R AT N5 19 500 b A
RO . T AAb X e 2 S B AR an 18] 5 97 7R .

LS BEoR AT AR 45 SR mT LLE A S
o A A R O T B P A T RICR . AR
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Fig. 5 Comparison of detection results between the proposed algorithm and mainstream algorithms
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3.4 HEAXWERSSH

T B UE AR SCBE T B 2% A SO R A L
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SELRVL M EERE BB INES AEE 5
TR & B e i XL In] P& 422 8 AR 2R 45 I 4% (SCMIB-
FPN) | 22 70 I3 K6 0 56 et M0 il 8 2 A4
SR Mt B Sl B K {0 7 55 2% (CPS-NMS) |, DLOR
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ROR e T Al 5 A7 475 08 7 220K B AP 0 8P
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TEFH LR By 3Lt 5] A SCMB-FPN £ 5

B HE NightOwls #1 NightSurveillance £ 3% 45 I
B MR“E 4> SIFEAE T 1. 0% #11.1% , 76 LLVIP
BodE 5 b A RS YRS BE Ay IR T T 1. 1% 0

Tab. 6 Results of ablation experiments on the NightOwls and NightSurveillance dataset

0.7% ; i — 20 51 AA SCHE 1 22 93 3CHR G A6 DU
W J5 , B L AE NightOwls fil NightSurveillance
B 4 Ly MR B4 0 BEAR T 1.3% A1 1.6%,
TE LLVIP $48 4 1 A1 [l SR BRS04 T

% 6 NightOwls % NightSurveillance {8 & F R H RSB & R

(%)

Algorithm  SCMB-FPN £ 37 B & K I 5w CPS-NMS MR *(NightOwls) MR *(NightSurveillance)
v v v 15.5 20.4
Ours v N, X 16.0 21.0
NG X X 17.3 22.6
Baseline X X X 18.3 23.7
®7 LLVIPHEE EWHEBIEER
Tab.7 Results of ablation experiments on the LLVIP dataset (%)

Algorithm SCMB-FPN 2243 S G ) SR ek CPS-NMS Recall AP

N, N, N, 86. 2 90. 8

Ours v v X 85.8 90.5

N, X X 84.4 89.4

Baseline X X X 83.3 88.7
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Fig. 6 Visualization results of ablation experiments
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