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FW-YOLO: a dense pedestrian detection algorithm based
on frequency-guided and wavelet enhancement

HUANG Zijun, LING Ping’

(College of Artificial Intelligence and Computer Science, Jiangsu Normal University,
Xuzhou 221116, China)

Abstract: In dense object detection scenarios, conventional defection methods often suffer from the loss of
high-frequency edge information, blurred details during upsampling, and insufficient scale adaptability. To
address these issues, this paper proposes a frequency-guided object detection algorithm, termed FW-
YOLO. Specifically, a Frequency-Guided Omni-Dimensional Dynamic Convolution(FGODC) module is
designed to decompose features by means of the Haar wavelet transform, while high-frequency responses
are further exploited to guide convolution kernel selection, thereby enhancing the preservation of edge information
during downsampling. In addition, a Frequency-Residual Guided Upsampling(FRUpsample) module is
introduced to inject high-frequency features into the upsampling path, enabling the recovery of fine edge
details. Furthermore, a Frequency-Guided Shared Head (FGSHHead) is constructed by combining cross-

scale weight sharing with the FilLM mechanism, so as to improve the detection capability for objects at
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different scales. Experimental results on the CrowdHuman dataset show that the proposed method improves
Precision, Recall, mAP50, and mAP50:95 by 1.1%, 3.8%, 1.8%, and 2.0%, respectively. These

results verify the effectiveness of the frequency-guided strategy in dense object detection and provide a new

perspective for dense object detection tasks.

Key words: object detection; frequency guidance; wavelet transform; dynamic convolution; upsampling;

dense pedestrian detection
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Fig.5 Sample dataset image
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Tab.1 Experimental environment configuration

28 [Lihcs
ARG BE Windows 11
CPU AMD 9700X
GPU RTX 5070t
TREE % S HEHL Pytorch 2.10. 0
CUDA %5 CUDA 12.8
Python 3 8% Python 3.12. 4
Ultralytics Ultralytics 8. 3. 238

SRR IR S B 8 8 - P AR SO 3 2R AR R R ek
BRI AR R A ) 2w L S 4 & . B
NG SHEE MR 2R

YA B0 B R 300 %, B AR I 2R 45 SR8l
batch-size % & & 16, i A B R F 48— h 640 X
640; 2 1 3 B TH Fl S 56 5 32 4k S T Ok 1Y 1
2 KRR ) g —BE R 0. 01, 3F ] SGD
DAL X5 9 26 2 50m LA -
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Tab.2 Experimental parameter configuration

ZH Aic

Epochs 300
Batch-size 16

Image-size 640X 640

Optimizer SGD

Lr0 0.01

Lrf 0.1
Workers 4
Warmup-epochs 3

3.3 iFEMERR

Shy A THT VTAE A5 AY Y ART ME BE L, AR SCR I H AR
o S5 883z Al PN HE AR AR R A AR R
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(mean Average Precision,mAP) .

K1 R R BTN Ry IEAEAS 1 45 b, 5
TE R TEREAS R Fe A1), B i 7 455 78 o 0 45 SR 1) o 4y
FREE R AR R
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TP+ FP
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By H bR R, Y 0 0 FOAE 5 ST 0 BAE Y 52
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P TR B HE Y RS R) R S € o R 23 1 B
(BT B R [0, 1], 1 8 R 3 7S A Y 11 158 A6 48 AR
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H ), s e T AR AL S B AR AR B AE D T
W
Recallzi (20)

TP+FN’
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MBS H bR ECE BT A . MBS ERY AT A
R AT e F5T 0 AE TF B DT RC 3% H AR g o R R
B, FESHF G FT b T E A R H AR H
T KR AR FERN R — HAR
o & LAFER T AR (19) P& S
XK i {8 (mean Average Precision, mAP)
JETE 2 20 B bR R I AT 55 rh DEAG R Y A AR M g
LR 18R BR800 1) AP EEAT V-1, 14 5]
— AR R . mAP & SCH A J AP
HR AR, g 3Rk 08
1w
mAPZN;APi, (21)

FLrfr s N R R AT 55 v i 28 ) B0, AP, R B i A
K B B . mAP (9 BUE S R [0,1], 15
i A 2% i R AR ) ARG T R R A . AT K
DT 55 v, | 38 H O — 28 5] (A7 ), ik
Bf mAP % Tz K509 AP A .

HR 4 ToU BB /A [R5 , mAP AT L2 534
LR R A FE R mAPS0 LA & mAP50:95
P FFE A o

mAP50 /& 5 7€ ToU & {8 K 0.5 Bf 31 5 1
mAP{H . X & B b 40 ek B 5 B9 7R 5 45 o
mAPS50 X 1 FHE € K B 1 EESR A X AL, F
FEPEAG AL R B RE NS E R I B B AR . TFEA
:Etﬂ‘j

1Y
mAP50 =N;AP,|W:0_3 . (22)
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Hh, mAP, A 7E W ¢ F i 58 1 8 /9 mAP.
mAP50:95 A8 Lt mAP50 Bl ™ 4% , 68 4% B 47 M [X.
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R AY 28 A5 VR 0 B8 R 4G A A% ek A e 43 #r A
AR BT K I 1 B R DTk o S5 5 A 2k 3
I8, % 88T FGODC (A) | FRUpsample (B) |
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Tab.3 Ablation experiment results

A B C P/% R/% mAP50/% mAP50:95/%

Baseline ~ 83.4 64.8 75.5 47.7
NG 84.4 65.4 76.0 48.4
NG 84.4 64.5 75.5 47.9
Vo834 64.1 75.4 47.6

NAEN/ 84.5 65.8 76. 4 49.0
VooV 837 64.4 75.4 48.3

NG Vo 84.3 66.5 76.6 49.0
v o N N 845 68.6 77.3 49.7

28 3T, A FGODC # He B 482 B 1 W 4%
LG KT BRI % F 2R m A P50,
mAP50:95 4+ il 48 A+ T 1.0%.0.6%.0.5% .
0.7% . 1ZFH I 1 Haar /N 28 o b ABRAE B
253 filt S AR AL 53 5 5 8 AL Y 4t O R D
L R R e POE S AV A (NS PR I S €]
WM TS RSB P &G R XK N
W, TEE AT ANRIAE 55, X8 B i i 4
R DX AH SR P H AR A AR

JA FRUpsample 55085 46 55058 ) 26 vb (1) 4%
G LR FE B RS A % .mAP50:95 43 BT T
1.0%.0.2% o 1% b RAE Ty AT b2 Ak u
WA, TE TR FEAE & 11 [7] B AS 1T 36 4 b 25 2 vy O
41797 15 B . FRUpsample 15 $ 38 & Haar /) i 22
e T SR AT I A8 4 I v Ak 22, O R3S )
IRE =W MECIN IS SR =T A1 9E 7 B
T A BCEE il 2 X e AR A5 iR g AN £ T S
VDX e AT o M R A L IR R R T B R
JEE R AE Rl o 5 v s G RO (% ) 8, B2 T 1A A
XF /N E AR RGBS H bR A0 e R B

JnA FGSHHead 158 He 5 4 J5t 1 4o il S | A5 A4
1 4RI A AR R T . ORI TH SR
B 38 BB AR 5 B A0 P T A A e AR ) I A

FRFAE IR, IFEE R 4328 43 SR AR A 1 58 5
W B RT [a] U5 53 SR FH e A0 5 SR

3 1 A A Rl T DA R T R g rh
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B i A 43 oA FRUpsample 3 45 78 B 10 171 2% 5%
Z 15 B, 1M FRUpsample (9 25 8] [ i& W7 [ HLH
FIE 1% A1 48 J5 6 R A1E 119 1= 45 0] 1 56 R fE b Al
XL 25 | DT AE R AIE 42 7 3 10 45 )2 90 R) 52 B i
Z A5 B I E i

1E R He Al 3k — 22 5] A FGSHHead i3,
Ty B 70 R ) el B R, S 2 SR SR e R AR A
#) mAP50 35 # 77. 3%, mAP50:95 3k £ 49. 7%,
AH LY 2 TR 43 B T T 1,806 R 2. 006 5 K
AN ] 43 51k 3 84. 5% M1 68. 6% , A L ik
ATy BT T 1. 1% M1 3.8% .

RIS S5 R A AR T A SO i 34 el itk
ML R S P EE . FGODC TE4FAF $2 BBy
Bl AR B ik % 15 &, FRUpsample 7 | 2R
FEBY B S BN S A5 B 5 ROEE AL 3 558 FG-
SHHead 7€ H #7546 0 By BEAR B8 4T 55 5 5k 22 5 10 A
FHA AT B o 3158 e ] 8 43 3 Bl A5 5 1 2 B
388 5 R I B2 B 0 B AR PA 20, Dh ) figg e 1 %%
AT NI i A5 8RR 5 2 R H bk il
1) G B ) T
3.4.2 AT ER

R TR 2P B A SO R AR R AT AR
oA RCPE AR SR R 1 FW-YOLO £ Y
5 YOLO % %Il # 17 b &, 2 F YOLOvS8™ |
YOLOvV10™ [ YOLOvI2® [ YOLOv26'" & # #4 1)
J AT AR 1 5% i AR B AL GS-YOLO™ . DAMO-
YOLO™ | LDD-YOLO"™ 1 YOLO-CROWD""
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Tab.4 Comparison of different models on the CrowdHuman dataset

Network architecture P/% R/% mAP50/ % mAP50:95/%  Params/M GFLOPs FPS/
YOLOvV8-n 84.3 65.1 75.6 48.1 3.2 8.9 431
YOLOv10-n 83.4 66. 1 76.3 48.4 2.8 8.7 304

YOLOv11-n(Baseline) 83.4 64.8 75.5 47.7 2.6 6.6 293
YOLOv12-n 84.3 64.5 75.3 47. 8 2.6 6.7 160
YOLOV26-n 82.1 64.9 74.8 47.7 2.4 5.3 133

YOLO-CROWD-s 84.4 70.3 76.9 44.5 18.4 20.6 99
DAMO-YOLO-m 76.7 61.1 73.3 41.1 28.2 61.8 233
LDD-YOLO-n 81.1 65.5 77.4 46. 6 4.7 1.8 —
GS-YOLO-n 78.2 62.6 73.7 38.6 1.7 3.8 100
FW-YOLO(Ours) 84.5 68.6 77.3 49.7 12.3 40. 2 155

& AT LUE 7S YOLO Z 50 #5578 (1 %
e, FW-YOLO Ay A 2 4 AR T YOLOvS-
n. YOLOv10-n, YOLOv11-n, YOLOv12-n % i
R, e H AR RS #5 R M mAP50:95 36 5 - H A W]
PIF . 5 HH M YOLOvV26-n BB AH 1L, FW-
YOLO 7E 4 i 2% . # 1] 22 .mAP50 fl mAP50:95
AT 0.2%.3.7% .2.5% M 2.0% , ¥ —
A EIIE 7 AR S5 A8 Ak D T A ROTE

5 H At it B AR L FW-YOLO BRG 2%
FA 0] 58 g T A i B U AR R AR % 4R 1
SR A H AR A 5 IUAR T S X 4 RE ) AR .
5 mAP #§ b5 & &5 (9 LDD-YOLO-n £ # )}z 13
8] R 48 b1 B 5 1 YOLO-CROWD-s B AU L, B
SRFW-YOLO ) mAPS50 $8 b5 5 A [0 R34 47 fr
i B )& mAP50:95 F8 b 41 & i LDD-YOLO-n 4
A 3.1%, & H YOLO-CROWD-s 5 #1 5.2%
XUE B T FW-YOLO £ 59 7 b 3 % 42 30 £ A 1
F14) fe 50T R A A A S B R R G £ ] B e

Shy A T VEAG B o A A A e B 4 AR
B2 , AR A S50 (Params) B R (GFLOPs)
SR (FPS)# T 7. 5H4 YOLOv11-n
M, FW-YOLO # Params 1 2. 6M 3 il &
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NP5 R WM, FPS X St i 455 80 B ) A% 4%
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Fig. 6 Visualization comparison of detection results
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Tab.5 Generalization comparison experiment results

Dataset Model P/% R/ % mAP50/ % mAP50:95/ %
YOLOv1l-n 81.1 64.1 75.3 48.3
WiderPerson
FW-YOLO 82.8 64.9 76.4 49.1
YOLOvI11-n 73.3 57.0 64.9 32.7
BDD100K
FW-YOLO 73.8 57.1 65.1 32.8
3R 50T A1, 7€ Widerperson 54 45 I 97z 1k FFANIR

FH L, FW-YOLO 7E K 1 % .4 [l % .mAP50.,
mAPS50:95 A J5 43 M A+ T 1.7%.0.8% .
1.1%.0. 8% , A RLFEAML T % £ = T HiRA
F AR R AR T ARG 5T
R RN ERA I

7t BDD 100K % 5 % £ U b, FW-YOLO #
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L FW-YOLO B4R 75 % 4247 A Al Jr 1w 45 7 5
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Fig.7 Frequency-domain visual comparison between

Baseline and FW-YOLO in rainy-night glare scenes
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Fig. 8 Frequency-domain visual comparison between

Baseline and FW-YOLO in snowy scenes

3 3o R R A AT R BRI AR A rh B 2 B
FW-YOLO f£ Backbone . Neck L & fx 2% £ I 4%
SR XT AT DUWER B T 4 H 6 A 5 34 5 L )
e A H AR5 B A5 2 00 R B, 2 X 43 th R
=R S A N ) Daba X TP N U VARG R S
S FW-YOLO 7 BDD100K & 45 K5 5 FHfig
T Z AR T —Fh & BB . S5 TAERT L
[l B8 3 5 0% 45 R AT B9 % B AT AR AT 55 2E 47
k5



TR, H  FW-YOLO : —Fp 3 F U 3R 5| 5 F1 /N i 8 535 1) 25 2 17 AR vk 731

%5 M
4 % 7%

B0 % AR AT R AT 55 v 57 3 A7 A 1) 5 A
NGAF R TR | FoRFERREBOR] N 22 KU & B M
P2 OCHEIN L, AR SO T — R AR R S 5
AN SR H AR A I i ——FW-YOLO, %5
P AH M R T R R AR - ORI Sk
4 5 I I A 2R B8P A B3, 8 g 5] A FGODC
FRUpsample Y 2 FGSHHead = A~ 1% OB | 52
BT M S A5 B U B R R R S AT 55
F 3 A -

ST SE R FEYIAE T FW-YOLO 78 % 4 ik
Py s e st sE . 7 CrowdHuman ¥ 4
i g B B S AR Y R B R R
mAP50 Fl mAP50:95 435135 3] T 84. 5% .68.6% .
T7.3% M49.7% ., HHRLHRAM L, LiRTEFR
BT T 1.1%.3.8% . 1.8% M 2.0% . FEi 2

FW-YOLO T8 19 YOLOv26-nF &l 2. 0%,
H A R A K e 4 T IE B T %007 L BE A ALZE i
HHENF IR ISR . WAL g — DU,
FGODC 5 FRUpsample A i [d] /5 F 78 4 5 358 %
BT AR A5 B AR B R R T AR AR 4 o
B A Y9 Y A R

I Ah iz Ak P SR R W], FW-YOLO 1E
WiderPerson £ #ig 5 b A O 45 1 8¢ 48 19 P
it ,mAPS0 A 5] 76. 4% , Ui W% 5 I 78 & 22 P B
st FRA —@ iz ke . R, W .
T FHERE IR L AR BDD100K Hdli 4 I, A
RUPE g 528 H A XA B, 3% B AT i A R R R
£ R FEEGR AL 0 %55 10 R gl s Tk
AR o J5 s it — L 85 6 i 44
BE T 0B 0 RRAE AL 5 R A 3 5 4 R e,
DL AR B A IS0 i S b il N Be T L JF
i J LA 22 380 R il B R R R M A R A
e 2z A WAL SE AR 5 s A DG FH Y S B

7E i 1 e RS S E L fE

[2]

[3]

[6]

[7]

[8]

[9]

[10]

1 mAP50:95 #§ #7 I+, =N

£ x #f:

TERVEN J, CORDOVA-ESPARZA D M, ROMERO-GONZALEZ J A. A comprehensive review of YOLO
architectures in computer vision: from YOLOv1 to YOLOv8 and YOLO-NAS [J]. Machine Learning and
Knowledge Extraction, 2023, 5(4): 1680-1716.

JOCHER G, CHAURASIA A, QIU J, et al. Ultralytics YOLO: ultralytics YOLOv8 [EB/OL]. 2023[2026-04-
16]. https://github. com/ultralytics/ultralytics.

KHANAM R, HUSSAIN M. YOLOvI11: an overview of the key architectural enhancements [J/OL]. arXiv,
2024 2410.17725.

SAPKOTA R, CHEPPALLY R H, SHARDA A, et al.
performance benchmarking for real-time object detection [J/OL]. arXiv, 2025: 2509. 25164.

LI X L, MA L S. DED-YOLOvS8: dense pedestrian detection algorithm based on YOLOv8 [C]. 2024 4th
International Symposium on Computer Technology and Information Science (ISCTIS 2024). Xi'an: IEEE, 2024:
545-548.

OUYANG D L., HE S, ZHANG G Z, et al. Efficient multi-scale attention module with cross-spatial learning [C]//
Proceedings of the IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP). Rhodes
Island: IEEE, 2023: 1-5.

FANG Y C, PANG H L. An improved pedestrian detection model based on YOLOvVS8 for dense scenes [J].
Symmetry, 2024, 16(6): 716.

SHAO S, ZHAO Z J, LI B X, et al. CrowdHuman: a benchmark for detecting human in a crowd [J/OL]. arXiv,
2018: 1805.00123.

SULH, HANH Y, CULY Z, et al. FA-YOLO: A pedestrian detection algorithm with feature enhancement and
adaptive sparse self-attention [J]. Electronics, 2025, 14(9): 1713.

ZHANG HY, ZHANG Q H, GONG Y F, er a/. MDCFVit-YOLO: a model for nighttime infrared small target
vehicle and pedestrian detection [J]. PLoS One, 2025, 20(6): e0324700.

YOLO26: key architectural enhancements and



732 RS RN %41 %

[11] & &, s, Ram . LT RARER YOLOVT £ AR5 k[T]. a5 2 7,2025,40(3):505-515.
CAOJ, NIU Y, LIANG H P. Dense pedestrian detection algorithm based on YOLOv7 with optimized weights [J].
Chinese Journal of Liquid Crystals and Displays, 2025, 40(3): 505-515. (in Chinese)

[12] B &7, %8, F . TS REERBG NI ARNE LT, £ 4% T42,2025,33(14) :2278-2290.
MA X M, LI N, WU D, et al. Pedestrian detection algorithm based on joint head and overall information [J].
Optics and Precision Engineering, 2025, 33(14) : 2278-2290. (in Chinese)

[13] MALLAT S G. A theory for multiresolution signal decomposition: the wavelet representation [J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 1989, 11(7): 674-693.

[14] LIC, ZHOU A J, YAO A B. Omni-dimensional dynamic convolution [ C]//Proceedings of the 10th International
Conference on Learning Representations (ICLR). Online: OpenReview. net, 2022.

[15] WANGJQ, CHEN K, XU R, etal. CARAFE: content-aware ReAssembly of FEatures [ C]//Proceedings of the
IEEE/CVF International Conference on Computer Vision (ICCV). Seoul: IEEE, 2019: 3007-3016.

[16] WOO S, PARK J, LEEJ Y, et al. CBAM: convolutional block attention module [ C]//Proceedings of the 15th
European Conference on Computer Vision (ECCV). Munich: Springer, 2018: 3-19.

[17] PEREZ E, STRUB F, DE VRIES H, ez al. FiLM: visual reasoning with a general conditioning layer [C]//
Proceedings of the Thirty-Second AAAI Conference on Artificial Intelligence. New Orleans: AAAI Press, 2018,
doi: 10. 1609/aaai. v32il. 11671.

[18] SHANNON C E. Communication in the presence of noise [J]. Proceedings of the IRE, 1949, 37(1): 10-21.

[19] LINM, CHENQ, YAN S C. Network in network [ J/OL]. arXiv, 2013: 1312. 4400.

[20] RUMELHART D E, HINTON G E, WILLIAMS R J. Learning representations by back-propagating errors [J].
Nature, 1986, 323(6088): 533-536.

[21] LINTY, DOLLAR P, GIRSHICK R, ez al. Feature pyramid networks for object detection [ C1//Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition (CVPR). Honolulu: IEEE, 2017: 2117-2125.

[22] LIUS, QIL, QINHF, etal. Path aggregation network for instance segmentation [ C1//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition (CVPR). Salt Lake City: IEEE, 2018: 8759-8768.

[23] LIUW Z, LU H, FUH T, et al. Learning to upsample by learning to sample [ C1//Proceedings of the IEEE/
CVF International Conference on Computer Vision (ICCV). Paris: IEEE, 2023: 6027-6037.

[24] GEZ,LIUST, WANGF, etal. YOLOX: exceeding YOLO series in 2021 [J/OL]. arXiv, 2021: 2107. 08430.

[25] DAIX Y, CHEN Y P, XIAO B, et al. Dynamic head: unifying object detection heads with attentions [C]//
Proceedings of the IEEE/CVFE Conference on Computer Vision and Pattern Recognition (CVPR). Nashville:
IEEE, 2021: 7373-7382.

[26] HUANG X, BELONGIE S. Arbitrary style transfer in real-time with adaptive instance normalization [C]//
Proceedings of the IEEE International Conference on Computer Vision (ICCV). Venice: IEEE, 2017: 1501-1510.

[27] HOWARD A G, ZHU M L, CHEN B, et a/. MobileNets: efficient convolutional neural networks for mobile
vision applications [ J/OL]. arXiv, 2017: 1704. 04861.

[28] ZHANG SF, XIEY L, WANJ, et al. WiderPerson: a diverse dataset for dense pedestrian detection in the wild [J].
IEEE Transactions on Multimedia, 2020, 22(2): 380-393.

[29] YUF, CHENHF, WANG X, et al. BDD100K: a diverse driving dataset for heterogeneous multitask learning [ C]//
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR). Seattle: IEEE,
2020: 2636-2645.

[30] LINTY, MAIRE M, BELONGIE S, et al. Microsoft COCO: common objects in context [ C]//Proceedings of
the 13th European Conference on Computer Vision (ECCV'). Zurich: Springer, 2014 : 740-755.

[31] WANG A, CHEN H, LIU L H, ez al. YOLOVI0: real-time end-to-end object detection [J/OL]. arXiv, 2024:
2405. 14458.

[32] TIAN Y J, YE Q X, DOERMANN D. YOLOvVI12: attention-centric real-time object detectors [J/OL]. arXiv,
2025: 2502. 12524.

[33] LIHL, LIJ, WEIH B, etal. Slim-neck by GSConv: a lightweight-design for real-time detector architectures [J].



%58 B IR, 5  FW-YOLO : —Fl e T WA 5 | 5 R/ IN i 48 o 0 9 AR AT Az 0 50 0% 733

Journal of Real-Time Image Processing, 2024, 21(3): 62.

[34] XUXZ,JIANGY Q, CHEN W H, et al. DAMO-YOLO: a report on real-time object detection design [ J/OL].

arXiv, 2022: 2211. 15444.

[35] M,k ER,EZM. LDD-YOLO:tk# YOLOvS Wiz B EF AR B LIT]. #HEmA 3 548K %,2026,

20(1):251-265.

YANG D, ZHANG X L, WANG P. LDD-YOLO: a lightweight and dense pedestrian detection algorithm
improving YOLOVS [J]. Computer Science and Exploration, 2026, 20(1): 251-265. (in Chinese)
[36] MERABET M Z. YOLO-CROWD [EB/OL]. [2026-04-16]. https://github. com/zakil003/YOLO-CROWD.

EER N

BFR, P LA, 20254 TILIR
UM R AR SO B AR A 2 2 i, B
AU GE | H ARSI 5 T I
E-mail:hzj026977bb@163. com

O, WA R 2010 4E T
MR E AT L 2E A, FENF
(& TN E B o s R
%% E-mail: 6020000012@jsnu. edu. cn



