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multi—scale attention and single-layer output
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Abstract: Aiming at the problem of missed detection and false detection caused by occlusion and small-
scale targets in dense pedestrian detection, the paper proposes a dense pedestrian detection algorithm DSS
R-CNN (Dual-branch Single-layer Sparse R-CNN) based on dual-branch multi-scale attention and
single-layer output. Firstly, a Dual-Branch Multi-scale Attention Block (DBMAB) is designed and
embedded into the CloFormer backbone network to enhance the feature extraction ability, so that the
model can pay more attention to important information, so as to improve the detection accuracy. Secondly,
aiming at the problem that the multi-layer output of feature pyramid network has limited contribution to
Sparse R-CNN, a Single-layer Output Neck (SLON) based on Feature Modulation Block (FMB) is
proposed. It improves the inference speed while maintaining the detection accuracy. Finally, Focal-EloU

loss function is used to further optimize the model training. Experimental results on the CrowdHuman
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dataset show that the proposed algorithm achieves 90.4% AP, 96.2% Recall and 44.1% MR-2, and the

detection speed remains at 46 {/s,

complex scenes.

which is better than the existing pedestrian detection algorithms in
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Fig.2 Schematic diagram of the CloFormer backbone network based on DBMAB
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JT7n , FPN AE by BRI 1Y 35135 245 #4 , 78 Sparse R-
CNN R F| 7 87. 100 1Y~V S K MK B2 (AP) , H
[l 2% (Recall) 4 95.6%, i & & (FLOPs) K
112G, W15 %y 43 /s, BiFPN 3@ i o 7 45 1iF fil &
L, i — 20 2 F 7 R &S B2, AP 3K 3 T
87.4% , A B FH T & 95. 8% , H i+ & &1 =
129G, Wi MA FRER 40 {/s. MHELZ T, A
H I SLON 76 $/ 45 = K JUOKS B2 (AP 2l 87. 6% ) I
A R (95, 8%0) Ay TRl B, S 35 FRAK T 4 B
(FLOPs 24 92G) , 3f H Wi 52 7t 2 46 /s, Mo,
SLON 7E i K R (MR-2) J7 1 th & 3L 5, AR
45.9% 4 F FPN #1 BiIFPN.,

SRR U T SLONEEE = T
AAT AT 55 th A AL 3. SLON AL RE B4 2%
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DUKS J3E i) ] B BRI R 4G %8 . PH I, SLON 78 5 fif
AT NI Z g8 v B iz By W A &, U HOE TR
TR BT A PR EC A 2 2R B m g 5o

*1 A EFEBMEF Sparse R-CNN IR 3T EE
Table 1 Comparison of effects of different necks

applied to Sparse R—-CNN

AP MR-2  Recall FLOPs Wi#%/

Neck
/% /% /% /G (fs 1)
FPN(default)  87.1 46.9 95.6 112 43
BiFPN 87.4 46.2 95.8 129 40
SLON 87.6 45.9 95.8 92 46
3.2.2 AR R EUSCRX

N T g UEAE HIAS TR 52 3 L (ToU ) 1 A 5 37 46
2% bR RO AT N R DU E B R 09 5% e, LA Sparse
RCNN A3 Sy 4], 73 51 48 FH LR JL A 137 451 2K e
B AR ERIN ) GIoU loss MEAT Xt L , S 56 4%
mFE2PimR.

S a4t ST 0, 8 F Focal-EloU il i3 £5 &
PEAL TN AE 55 L SEAE A9 JL A ¢ &R, A R T TR
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Table 2 Effects of localization loss functions with
different IoU modalities on the

experimental results

AP MR-2 Recall W=/

o %1% % (ks
Sparse RCNN+IoU 86.8 47.5 954 43
Sparse RCNN+GlIoU loss 87.1 46.9 95.6 42
Sparse RCNN-+DIoU loss 87.2 473 956 42
Sparse RCNN+CIoU loss(default) 87.1 47.0 95.6 43
Sparse RCNN-+SIoU loss 87.3 46.5 95.6 42
Sparse RONN- Alpha-ToU loss'™'  87.4 46.3 957 43
Sparse RCNN+Focal-EIoU 87.6 46.1 958 43

RUXEAS 6] KRB B b (938 W 66 1, AT 2F — 25 2
LRSI B RS B . HAKT F , Focal-EloU AN{Y 4k
K T ToU . GlIoU . DIoU #l CloU AL 55, i 38 5 5
A Focal Loss i B A, 18 5 1 AR 780 X 3 A AR 179 2
SHETT o 3K Bh O AR AR A AR B AR AT AR AT 55
H R BT S BEAS T ME A M A B E AR L
PhaEE Y5 . Ah , Focal-EToU 78 44 £5 & 46 I
KB (AP 2l 87.6%0) Y[R B, 1 K %8 (MR-2) &A%
F46.1% , B MR (Recall) 2T & 95. 8%, H #E 3
B (RO AR R AE 43 /s, BT HoAE RS Fn sk

R [a] ) B
3.2.3 AN[FIBERIE XS H

1 DSS R-CNN 5 Z il 32 i H A ki I 550 12k i
AT T X 5255, 4945 Faster R-CNN #l Cascade R-
CNN 4 — B Btk 90 53 4%, LA J Sparse R-CNN |
YOLOX™ | CenterNet™ | YOLOv8"™ FI Swin-
Transformer. 3CEE[ 16 ] . YOLOvV11"2 45 — fy BE A6
DAk SEG 4K R 3 TR . S5 R KW, DSS
R-CNN 7£ AP Recall fil MR-2 45 5 # 15 #5133
T REHF LB, R T HAAERE T AR
TR BRI RE F1 . DSS R-CNN 9 AP A ik
F T 90.4%, MR-2 1§ Ny 44.1%, Recall {6 K
96.2% . 5 %5 % Sparse R-CNN A H , DSS
R-CNN 7£ AP, MR-2 fl Recall I 43 51 # F+ T

3.3%.2.8% M0.6%. #Ah,DSS R-CNN 7 i
R AORRE T R I HE B (46 (/s) , B 5L
A U 1 75 5K o YOLOVIT 738 F F A S 0 £ 55
g A PEREAL T SOTA K-, JUH 75 380 B 5 K5
IR ISP R R 4 WS E 27 /5=S Tl W ek KN
L 5 R RE HE B RE O 78 73 3 98 R AR ST i Y
Je itk
®3 AEBEHRKRUEET
Table 3 Comparison of different object detection

algorithms

Image- AP MR-2 Recall fi*g/

VS
" size /% /% /% (fsh)

640X640 72.4 51.2 88.5 29
640X640 74.6 442 87.2 36

Faster R-CNN
Cascade R-CNN

YOLOX 640X640 86.5 46.3 959 79
CenterNet 640X 640 87.0 45.7 96.1 48
YOLOvS 640X640 90.2 445 96.2 76

Sparse R-CNN(Baseline) 640X640 87.1 46.9 95.6 43
640X640 90.1 44.8 95.9 51
640X640 87.4 454 95.6 44
640X640 91.1 44.3 97.2 62
640X640 90.4 44.1 96.2 46

Swin—Transformer
3Cik[16]

YOLOv11

DSS R-CNN(Ours)

SRR G A SCB XA TR RBE H A 4 A6 1
R R AP AP, AP S PEAN 48 b5 ok 8 5 R
PERE . Hoh  APRER BARHIAIR T 96 X 96 18 K
(9K B bR 2508 B 5 AP, AR 3 B AR i AU T 32X
32596 X 96 R R Z Al iy v &5 H AnF- BIKG FE ; AP,
AR 26 H A5 i BN T 323248 K /0 H A5 2
K BE s APS0 Fil AP75 R 3R 22 JF L (ToU) 139 {8 %
FEN 0. 5F0. 75 BF A5 B 1Y 7 R AR .

M ARE AR SCRIEER b NE BRI
F14) - 257 00K B LU R R . U /N R
AT N RO R 2 1T T Y
3.3% X R HZ A A SR IUH bR RO (R B 7 I %
BT, T H BB A 4 R 5 B R RS B AR G,
AT A5 5007 Xof % 4R AT N 3 55 v i) 38 4 ) L R
AR A 0] DL R H s o B 0], i T 0 ) 6 A

%4 Crowdhuman ##E&E FMEEEKTE

Table 4 Comparative experiments on the Crowdhuman dataset %
Bk AP AP50 AP75 AP, AP, AP,
RetinaNet ™/ 30.16 65.87 22.88 33.15 30.85 16.96
Faster R-CNN 38.78 73.12 35.53 40.79 38.71 29.05
Cascade R-CNN 42.64 77.63 42.69 41.56 41.97 31.13
Sparse R-CNN 45.37 80.19 45.07 48.43 43.85 32.86

DSS R-CNN(Ours) 47.46 81.38

47.26 49.62 44.93 36.21
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Fig.8 P-R curves of AP, AP _, and AP, for the five

object detection methods

BUAE H AR A AT 55 P B 28 PERE O, REAE = £
MESIEE R SR = iUE i

M8 rhon] L] W4 2, DSS R-CNN £ 4!
1E AP AP, HIAP =/~ 48 b5 b P-R il £ 8 55 1f
FUIOE T H A XS He 7 2, U HZTE AP A8 1R b, -
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A A6 0 A 55 v A8 AT R0 N6 R
3.3 HBRSKIE AT

R T I UEAS S Y A R B v &S 2H R
AT S, LA Sparse R—CNN #5571 Sk B v 5 % |
7 CrowdHuman 48 4 (9 JE i B 34T 7 R &1
TH Rl SE S, 25 R MR SR o B — 17 MIA B
TR A AL i S v B, — L= DU 4 ) Ok AR S v
L AU B T e ) CloFormer 31 L2 Hi
AF A Focal-EloU 0 2% sR 8% , 5 J5 — AT AN T
JIt A 75 2 DSS R-CNN #i ik .

P S B0 45 S nT UL, AR SO 7 CrowdHuman
BB LI APIKEN T 90. 4% A IS E A 46 /s,
e i 1) CloFormer & 1 7] DAk 4% 1. 1% ) AP,
1.6% M MR-2 F10. 2% i) Recall $& 7+, & B T 2l
1% CloFormer & 0] DL B 47 3 X 5 i i#F 17 32
B, fe o e RE 0 52 T o B )R il Sa) DL 3RS
0.5% i) AP . 1. 0% i) MR-2 F1 0. 2% 1) Recall #
LR TR ST Ak A TET
D) 2% By A 1) 7] 2 R R AE . Focal-EloU i 2%
BRI R AT LA AR 45 0.5% 1 AP 0.8% % MR-2 FlI
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RS AXHBEELHHEHBAIBER
Table 5 Results of ablation experiments on the

proposed dataset

Improved scheme

AP MR-2 Recall Wi/
DBMAB- Focal-

Model CloFormer SLON EloU /Y% % /% (s
A X X X 87.1 46.9 956 43
B N, X X 88.2 453 958 40
C X N, X 87.6 459 958 46
D X X N, 87.6 46.1 958 43
E N, X N, 88.9 44.8 96.0 41
F N, N, X 89.6 44.5 96.1 42
H N, N, N, 90.4 44.1 96.2 46
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Fig.9 Results on CrowdHuman dataset
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