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Improved YOLO11n-based lightweight dense pedestrian detection algorithm

Huang Silu Zhong Han
(School of Information Network Security, People’s Public Security University of China,Beijing 100038, China)

Abstract: In dense pedestrian scenes, severe occlusions, numerous small targets, significant scale variations, and
complex environments often lead to missed detections, false detections, and inaccurate localization of pedestrians. To
address these challenges, this paper proposes a lightweight dense pedestrian detection algorithm DC-YOLO. The
algorithm is based on YOLO11n. In the backbone network, a lightweight feature extraction network. EfficientNetV2S-
S3, is proposed to enhance the model’s feature extraction capability for small and multi-scale targets while reducing
model parameters and computational costs. In the neck network, the P-LightNeck module is proposed to further
improve the feature fusion capability for small targets, achieving collaborative optimization of detection accuracy and
efficiency. The RepNCSPELAN4 convolutional module is introduced to strengthen the feature extraction capability for
occluded targets through multi-scale convolution and re-parameterization techniques, while improving inference
efficiency. A dynamic multi-scale collaborative attention module, DynaMSAttn, is designed to enhance the model’s
adaptability to targets of varying scales and complex environments. Experimental results show that, compared to
YOLO11n, the DC-YOLO algorithm achieves improvements of 4. 7% in mAP@0. 5 and 4. 5% in mAP@0. 5-0. 95 on
the CrowdHuman dataset, while reducing the parameter count by 46.2%. Comparative experiments and ablation
experiments verify that the DC-YOLO algorithm exhibits excellent detection performance and robustness in dense
pedestrian detection tasks.

Keywords: dense pedestrian detection; YOLO11;lightweight model; multi-scale convolution; dynamic attention mechanism
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24 GB,CPU f#i ] 18 #.60 GB B AMD EPYC 9754 128-
Core Processor, #: /E & 4 ubuntu22. 04, 7 & ¥ B N
python 3. 12. 3.PyTorch 2. 5. 1. CUDA12. 1 AR 2% 3 HE
e, BRI ZRg ik ¥ 200 F8 L B A R ST 48— 640 X
640, Ak #8 2R A SGD, it i K/NEE N 8, Wl IR % 2 RN
0.01, B RS HN 0. 937, F )5 10 # 4 — KM mosaic B3R,
B BYISARE, %k 1 s,

x1 BERIYNZESH
Table 1 Model training configuration
ZH {1
epochs 200
imgsz 640
optimizer SGD
batch 8
1r0 0.01
momentum 0. 937
pretrained False

R AF A A S A 2 AT AR AT 55 v A R, AR
SCR RS B0 2R (precision, P) A B3 (recall, R) (¥ {E 5
#& FF (mean average precision, mAP) \F1 43 % DL Je A5 8 2
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B N PEM TR,
— P 0
P = TP L FP x 100% (16)
_ 'I‘P 0
R = TP T FN 100% amn
1
AP:JP(R)dR as)
DIAP,
mAP = ’:'K X 100% a9
2P + R
= PIR (20)

A TP RORPEM B A E M, FP 28 88 52 1
S AP BB PR L FIN 8 75 0 e T g 9 1 1) B BA 1 L K
FORFEARBIFI 8B, mAP@0. 5 &5 W AE 5 &S24k
2 [8] 22 3 It (intersection over union,loU) [F{EH K 0. 5 I} f#
ST ERE% 1F BE . mAP@0. 5 ¢ 0. 95 J2 48 ToU B {H M\
0.5~0. 95K N 0. 05) T 1544 B 1 F 2 KS of 2 1 7
YE L F1 45 4 7T LA 4 455 A0 76 45 4G R0 e A 22 [A) 1Y SF A

fefi.
3.3 ETWEREHFEMT L LI

R B IF AR SCHRE Y ) EfficientNetV2S-S3 & W 2% gl ot
EHET ABWAT S LM # Bk EAN
EfficientNetV2S, & B B F 4+ 3l 2B 75% F1 100% )
EfficientNetV2S-S3 =4~ £ T M K K & A YOLO11n
AR LSRR, TE AR EE 2 R, M T R L
YOLO11n ¥ , 5% 4 4k EfficientNetV2S F F Y fil A &
BHUEREMTR. ASHEWOE 2.1 M, RHHERE
T Mo T MR E, M2 T,
EfficientNetV2S-S3 £+ & F R F T ag. Hp, 5% EF
HT 75 % A mAP@0.5 & T 2%, mAP@0. 5-
0.95 & 2. 2%, MIAT S8 RIEFEARE 1.0 M; 58 &
K 100 %0 B9 RS b 58 BE IR F 75 %6 B9 R 7S G DN ORS BE
H#REG . B2 E 1L 2M, ZE.985ERT 59K
EfficientNetV2S-S3 ET MK ESHEMN 1.0 M 1 &4
TSI T S A R AR A

K2 ETFHMERMAMHILLE

Table 2 Comparison of improved backbone networks

Mode mAP@0. 5/ % mAP@0. 5-0. 95/ % Fl-score Parameters/10°
YOLOI1n(none) 78.7 48.5 0.76 2.6
EfficientNetV2S 77.3 47.0 0.75 2.1

EfficientNetV2S-S3 (% JE H T 75%) 80.7 50.7 0.78 1.0
EfficientNetV2S-S3 (5 B [+ 100 %) 81.1 50.9 0.78 1.2

3.4 EENERMNXLEXE

g B UE A5 ST B9 DynaMSAttn 1 2 ) #1155 4
KT % A3 ¥ DynaMSAten 7 73 1 WL AL
SEETER CAA LSKA SCSA =ANTE & 1L 4 91 48 5 3
YOLO11n BERIFP HEAT X LE S0 00 . CAA F R I HLEHE Cai
SEU T 2024 AR A INSEAR R X A 2% R SCR 2 RUE H

¥ 38 07 A H7 (00 2 HT WL s LSKA Y HIHLHN R Lau %0
18 2023 AR BH B i — 4k 5 BUo 1 OR W i ok AR A
THE 67 0] 8 Y 7 2 D HL s SCSA TER 2 St &Y T
2024 AR 2 i 1 X 25 40 0B R AE 3R 3k 1 B TR A ) Sl
EFE T, ANFER I ILH L 25 R L 3 iR,

R3 FEEEHNGH LR

Table 3 Comparative analysis of attention mechanisms

B L mAP@0.5/% mAP@0. 5-0. 95/ % Fl-score Parameters/10°
YOLOI1n(none) 78.7 48.5 0.76 2.6
CAA 78. 1 48.0 0.76 2.8
LSKA 79.0 48. 8 0.76 2.7
SCSA 78. 8 48. 7 0.76 2.6
DynaMSAttn 80.0 49.5 0.78 2.8

HTSER 45 AT, CAA V) LAY 24085 2 f 22
X JE A R A P 190 7 B 24 1t AR )2, AN 2 AR RO R 1 o
B R L LA, CAA BUI & 7 T 28 M (H TR % 4
B I 6 B ™ I R g bl OE TE R )RR R
LSKA {ERAHLH ) mAP (6 A D # T E 2454 T H

il T s I 2 BRUOR 38 R 52 W 7 R I Y Y B SR AT ARG
1155 P REHS B B0k AT 9 X 4 B AR AT I AW, D T A
FURAE . SCSA R IRA T 4425 (8] & J Fal i i =
J1AE bR RO A — e s AR AR, A SR
/) DynaMSAttn i & I AL B A S8R LR AR SCSA
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HEEAVLRBEINT 0.2X10° ., (H L 2 mAP £ & F1 15
gy R AR, X RE RS T A EEEE S
Bl 22 ROBE 23 1) 45 RS HUR 243 [|) 72 28 H1 AL BE T 4 1Y
TR B AT A AE 55 P R ) RO Ak 38 449 19 B A .
3.5 ZWERSH

FEIE DC-YOLO Bk A7E % AT A I AT 55 b g
SRy o L S R T e Sl T s I E R vy oK U T

RT-DETR-1"*, YOLOv5n, YOLOv8n, YOLOv9t™",
YOLOv10n,YOLO11ls, YOLO11n 45 B 4T T RS
Y. N mAP@0. 5. mAP@O0. 5-0. 95.F1 1§ 4 M BT 2
B A NGRS R RE . IR R NZR 4 BF
TN B SR AR SO A B D S Y (R R BT
SCHEL T RIORG B SR RCR W P F AR A .

R4 FEEEMEEIER

Table 4 Comparative analysis of object detection algorithms

Bk mAP@0.5/% mAP@0. 5-0. 95/ % Fl-score Parameters/10°
RT-DETR-1 76. 4 43.7 0.74 32.0
YOLOv5n 78. 4 47.9 0.76 2.5
YOLOv8n 79.2 48.9 0.77 3.0
YOLOv9t 79.1 49.0 0.77 2.1
YOLOv10n 78.5 48. 8 0.75 2.7
YOLOIl11s 83.0 53.6 0. 80 9.4
YOLO11n(Baseline) 78.7 48.5 0.76 2.6
DC-YOLO(Ours) 83.4 53.0 0. 80 1.4

TEAS IR B 7 T8, 2 AL T FE A8 2 i E 5K (mAP@0. 5)
W) S e B, AR SO 5 i R B T RLBR 1 PERE, DL 83,406 1Y
KERE 40 5 F Br A A He A5 B, mAP @ 0.5 5 3k £k f8 A
YOLO1In(78. 7Y ML, SR T 4. 700 tHEL T S 50 o
Z/ ) YOLOvVIOn(78.5%), E I T 4.9% . B
YOLO11s & 9.4 M WS HEHRMBT 83% 1 mAP@
0.5, HEMSE R BA LT IEN 6. 71 £F, 4 307 AL fifi
TS50, 3 ST 80 T 5 AR IR B X TR A
TR RS R LA Y UL AL TR A BOK
(mAP@0. 5-0. 95) {37 50, A 3L J5 9 mAP@0. 5-0. 95
Jg 53% . FEF AR AL YOLO11s 19 53. 6%, (HH 2%
EHACH YOLO11s B9 14. 9% . 5 YOLOvSn [ 47. 9% .
YOLOv8n 1Y 48.9% . YOLOvOt AY 49% . YOLO1lln K
48. 5 Y0 AR i AL B AU LE . AR U 1 mAP@0. 5-0. 95 4
FT 4% ~5.1%. AT LMY @R ET 58
AT P 28 $5 IO Ak, 76 R IR I 2 80 00 [ B, AR SR IR B8
TXBEET AL S P a5 e ae 1. £ F1 850
ARSI E T 0.80, 5 YOLO11s — [\ 4 T &k 7k
YL B & T YOLOvSn (0.77), YOLOv9t (0.77),
YOLOv10n€0. 75 M1 YOLO11n(0.76), F1 82048, 15

t TR 2 B W IR v 2 0 ML v 1 BRI 2 RUEE B
P RIS A BRI 18 35 07 0 FG K 0 3 0 A [l S 2 ) A T
WUV, (A B2 RT-DETR-1 B8, Sk 5 4 i
FHE B = F 44 YOLO MUAS  H7E 2 84T AR i 45
TG br F IR B AF 2 2R

A BAE DC-Y OLO 553 932 A P A 68 R 4, I AR 3¢
O3 B TE AN R R B O W) 37 5 T B AT AR I RCR L TR
WiderPerson 23 JF 40 58 b #EAT T X5 L 92 56, S5 4 45 2R 40
#5 iR, WRPATLIE 78 WiderPerson $#i 4 [ 19
AR5 CrowdHuman FUHEE L HCERALL, B AR T
K g &, [RA, BT Widerperson 08 £ (19 b5 1 38 B A
W CrowdHuman #046 4E B bR 38 2 L BT L DC-YOLO 3%
T Widerperson % 4 £ " (% 48 #5 12 7+ M (K T 7
Crowdhuman #(#i 4 ) #E 7. DL 4h, I WiderPerson
B & B A R AT NS B HE AT bR o, BT LUA X T
CrowdHuman 4 4 5k 6 . S/ H bs 59 80k 2 A7 B 2
A6z ¥ 2 5 Crowdhuman 408 5% e, A BRAK L BT L DC-
YOLO & vk 7E WiderPerson $0H5 % I, £ W8ty & T
CrowdHuman $(#84E [ 4545

%5 YOLOlln #1 DC-YOLO EXR R # & LRI LE LW =
Table 5 Comparative evaluation of YOLO11n and DC-YOLO on benchmark datasets

iE 4 B mAP®@0.5/% mAP@0. 5-0. 95/ % Fl-score Parameters/10°
YOLOI1n 78.7 48.5 0.76 2.6
CrowdHuman
DC-YOLO 83. 4 53.0 0. 80 1.4
) YOLOI1n 88. 4 62.6 0. 83 2.6
WiderPerson
DC-YOLO 90. 3 64.9 0. 84 1.4
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Sk U6 IE BT 4 A B X 9 AR AT AR DU AT 55 1 A R
L YOLO11n A EEL BT, i ] CrowdHuman $4f 5 , i%
T Bl S5y, % b 3 T M 4% EfficientNetv2S-S3 ., 25 3 ¥ 2%

it &t P-LightNeck., RepNCSPELAN4. ¥ = J1 ¥l 4l
DynaMSAttn DU DC-YOLO iR, T4 Bhse
ek 6 iR,

£ 6 DC-YOLO §@hscih
Table 6 DC-YOLO ablation experiment

S Efficient Light mAP@ mAP@ F1- Parameters/
" RepNCSPELAN4  DynaMSAttn

WH Netv2S-S3 NeckP2 0.5/ % 0.5-0.95/% score 10°
1 78.7 48.5 0.76 2.6
2 N 80. 7 50. 7 0.78 1.0
3 N/ 81. 4 51.1 0.78 1.9
4 N 79. 8 49.8 0.77 3.2
5 80.0 49.5 0.78 2.8
6 J J 82.3 52.0 0.79 1.0
7 J J J 82.9 52.9 0.79 1.2
8 N NG NG 83. 4 53.0 0.8 1.4

NI GERTE 4 A SO P T 9% R AT K R
WHEEF, T MY EfficientNetv2S-S3 L T 7ER AL 2
B BT LR A ORI B X BE AT 25 T N 4%
ZERIAK K T EfficientNetv2 8 5 SURRHE 32 B A2 MBConv
Fused-MBConv WA R Rl &, X3 28 T H % 174X % £17
NFFAEREAR T 221 W45 T SR AE, 32 8 T BRI /S H AR 19 58
fEARELRE 1. 7E SRR 52 BALRRAE & F IRl & /D B An
ez 9 4 43 52 P2 ¥ P-LightNeck #58¢, X5 8 B (14 $2 T} 5%
K, HAF mAP@O.5 5 T 2. 7% . mAP@0. 5-0. 95 2 5
T2.6%., XFELZEKE N CrowdHuman FIEE R K& W
NBFRLTEFIA N B FRAG I 25 43 32 20 A B0 18 TR
ANEARI ST AR TR IR B IR X R AE A I R
AL RS BR K B ARK I R 2% 43 32 P5 BEAR T S8 . £
Il A RepNCSPELAN4 %5 U e, BRI S 4 T
0.6 M, {Bf#15 mAP@O0. 5-0. 95 FLIE£k2 s T 1. 3%, %W

B AR RS A2 U W RRAE » BB AT 4500 % 25 42 47 A A6 0 A
F L REF N Bfr, DynaMSAttn 1 5 7 AL B,
LGNV S B AR mAP@O. 5 TR R T
1. 3%, R B 2 R 23 1 45 FROR 30 285 3 1k 1) 3 .
T B AR AT R AT: 55 b g P B AR AN B bR Y 38
MU . 4 DMEEHLE — RS, 3 mAP@0.5.mAP@
0. 5-0. 95.F1-score fE N F & WML RE X RERR D 48 = . R 4%
AR B RE R 09 AT BlA , REAR 4 09 35 1 2% AR AT A da
AT 55,
3.7 ARSI

Shy B L JR s AR SR 1 AR S B AIL i B TR W]
By B R UEAT R DU 285 5 T LAk K DC-YOLO 533k i 5
HEHETE YOLO11n AT Lh 3, 7 18 5 v, it FiT A% [ 280 A s
PR SRR R I 25 R B2 2 AL R ok . B 5 A 1 ATORAE
W5 T, YOLOIn B4 22 F A i 2 A~ ARz ik
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(a) J? 5

(a) Original images

(b) YOLOI1n

(¢) DC-YOLO

5 YOLO1lln il DC-YOLO 7EA [R5 T /A6 M 45 SR vl M4k
Fig. 5 Multi-scenario detection visualization of YOLO11n and DC-YOLO
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