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Abstract: Small target detection is an extremely challenging task in computer vision, where existing detection
algorithms suffer from high complexity, large computational overhead, and low detection accuracy, leading to issues
such as missed detections and false alarms. In this paper, the LDF-YOLO algorithm is proposed to enhance detection
accuracy and decrease missed detection rates for small objects. Firstly, improvements are made to the Head section by
introducing a feature transformation module in the feature fusion network and designing the LP-Detect detection head
tailored for small objects. Secondly. drawing inspiration from residual gated mechanisms and local feature enhancement
strategies, the LR-C2f module is devised to bolster the model’s capability in extracting local features. Finally, the local
feature enhancement module is integrated to enhance backbone's ability to extract information from small objects. On
the publicly available Tiny Person dataset, LDF-YOLO outperforms the original YOLOvS by achieving a 4.5%
improvement in mAPO. 5 and a 5. 5% increase in recall. Experimental results validate the effectiveness of our proposed
improvements. Furthermore, generalization comparison experiments on the NWPU VHR-10 and VisDrone2019

datasets demonstrate improvements across all metrics.
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Table 2 Comparison experiment of different improvement

R3 AEZEE ConvFFN IR Lk 218

Table 3 Comparative experiments of different

mechanisms in the detection layer % types of ConvFFN modules
BRI P R mAPO. 5 mAPO0. 5:0. 95 S AR P/% R/% mAP0.5/% FLOPs/G
119 41.6 33.1 28.8 9.2 In-Stage(3X3) 38.9 29.6 25.3 8.5
1L.22 40.5 33.1 28.1 8.8 Down-Samplef(3X3) 38.6 29.7 25.4 8.7
In-Stage(5X5) 39.1 29.5 25.4 8.8
4.4 HEXR Down-Samplef(5X5) 39.0 29.9  25.6 9.2

J T B AEREAS CHE iR X R = YOLOv8 S50 3 46 I
BEFI A RPE, i ] Tiny Person (#E % 3f L YOLOvS8n K
FEARBIRIEAT TIH AL S50, Se e 45 R0k 6 from, Hop

SRR T OB B A HE S L 2R 6 BT Rl S g R
A TR ) e SR s X A TR ) /0 R ARG I A BE A AS [R] BY 4 T
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Table 4 Comparison experiment of different optimization RE G B ayvEsE, MERI R A mAP YA /Nig R T,
methods for backbone networks % i ] LR-C2f # bk & #e JE 4R 1) C2f Bk 2 )5, i 15 4% AU fiE

J 2 A5 R P R mAPO.5 mAPO.5:0.95 % 15 0 HIL AT 5 0 28 s i AR AR BT SRy TR 5 R AR B L R

HIEHM RS WO RS HERRE T T 2.7%.,
AEARE T () i o S AR & X /N B AR A9 LPD(LP-Detect) % il

SPDConv 39.0 28.6 25.1 7.9

AKConv  38.4  28.5 24.9 7.5 ) : -
e s e s o S MEFRARTF T 3. 2% A ERARTF T 5. 7% K % U

felentet 98, ' ' a BERE . 76 A /N EBR K 0 S B 35 R 1. b 50 m A
ConvFFN 38.9 29.6 25.3 8

-1 ConvFFN 55 LR-C2f Bl fE# R 5 mAP (594 535 4%

F8 B T 0 B T o AT O A 4 Y [ F 1 X/ A B G D 1
REHE— LR TE . BB 3 Fh ke ik J7 5 45 AR R . mAPO. 5
BBT 29,62 A 4. TVORIFE T H I Rl B0 1 2 2R AT

RS C2f BB N B AL X be L3

Table 5 Comparison experiment of adding different

hani t 2f dul 9 .. N N N —
mechanisms to C21 module “ A ARBET IR YOLOVS 5k e I 19 57 2% £/ F 47 19
HAHE P R mAP0.5  mAPO.5:0.95 iy v e SR B A4 , 46 0 ol 6 K B T SE T T B T
C2f 38.4  28.4 24.9 7.5 (A S
CBAM-C2f  39.3 28.9 25. 4 7.5 4.5 b
STAR-C2f 38.1 28. 6 24. 1 7.1 AT — 2 U B S AR B ZE /N B A L 5 A
SA-C2f  39.6  30.0 - 73 B L TR R 4 35 1 £ B e SO AT R L A 4
. e 4 . [28]
GAM.C2f  40.1  29.2 26, 2 g9 Faster’ R-CNN. YOLOv5n, Y()L()VSS\‘ DETAM |
DeoTH . YOLOv7-tiny, VA-YOLOv5s®, Drone-
RFA-C2f  40.5  29.6 26. 3 8.7 e .
. . YOLOPY A LW-YOLOv8™ , 76 4 [7] i 52 36 31 55 A A0 2
Simam-C2f 40.1  29.1 26.1 8.2 N . : " e s -
Hmam B 50 T @A Tiny Person B8 £ $E47 58 9F , ¥ Hb 52 56
LR-C2f(ours) 41.1  29.8 26. 6 8.7

GiPRINE T HIR,

R6 HEMXE
Table 6 Ablation experiment

YOLOv8n  LPD LR-C2f ConvFFN P/ % R/ % mAPO0. 5/ % mAPO. 5:0. 95/ % FLOPs/G

NG 38.4 28. 4 24.9 7.5 8.1
N N 38.9 29. 6 25.3 8.1 8.5
J J 41.1 29. 8 26. 6 8.7 11.4
J J 41.6 34.1 28.8 9.2 11.9
N J J 42.5 33.4 29.3 10. 1 15.4
J J N 41.7 32.9 29.1 9.6 12.3
J J N/ J 42.9 33.9 29.6 10. 3 15.9
x7 LB
Table 7 Comparative experiment
il P/% R/ % mAP0. 5/ % mAP 0.5:0.95/% FLOPs/G
Faster R-CNN 18.5 12.4 7.6 1.0 270. 6
YOLOv5n 30. 9 25. 6 18.2 4.9 4.7
YOLOv5s 32.3 26. 8 20. 1 5.4 15.3
DETA 38.6 20. 5 20. 3 5.6 129.1
DeoT 39.3 16.5 19. 1 6.0 144. 6
VA-YOLOv5s 38. 1 29.0 24. 1 7.1 16.1
YOLOv7-tiny 35.6 27.0 22.8 6.0 7.6
YOLOv8n 38. 4 28. 4 24. 9 7.5 8.1
YOLOv8s 42.5 30. 0 28. 1 9.2 28. 4
Drone-YOLO 43.1 31.9 28. 8 9.2 19.5
LW-YOLOvS8 41. 8 31.0 28.2 8.7 17. 4
AR 42.9 33.9 29.6 10.3 15.9
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T 3 /5 k. Drone-YOLO #& ¥ 7E neck # 4> 51 A
“sandwich-fusion” 15 4t I 84 AH 4 T I B R R AR 4 F5 104
WSk, 22088 7 9 45 R RR AR 2 19 IR AR 15 8 38m T
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YOLOvVS 5 DA B o Ath 28 L (%) H A 46 0 5 75 7 B A1 U 4
MR R -7 918 1 08 3, B etk — 2B 3E B T AR SC AT
R CaETE /N B BRI A R
4.6 ZAMHEIIE

ST 56 E B Y Bk 9 5E PR Rz AR, 75 NWPU
VHR-10"Hl VisDrone2019™ #3542 b ¥E4T T % L 5236,
SCURSE RN 8 R, F K 8 LWL RT M, A XA EEL
H A% B HFR R BOE 4 1 45 U6 A5 38 KR B 2 7
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Table 8 Comparison experiment of different datasets
%
mAPO. 5 mAP 0.5:0. 95

B - A P R

NVHR-YOLOv8n 80.5 78.2 83.0 61.3
NVHR-A 3L 86.7 83.6  85.6 64. 2
VisD-YOLOv8n 43.6 32.0 31.1 12.2
VisD-24< 3¢ 46.3 34.2  31.9 13.0
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Fig. 8 Visualization of YOLOv8 and LDF-YOLO detection results
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