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[Abstract] The RSD-YOLO algorithm, based on YOLOWv8s, is proposed to address the challenges of low detection
performance, severe occlusion, difficulty of -small target feature extraction, and large number of model parameters
inherent in Unmanned Aerial Vehicle (UAV"). aerial images. First, the Receptive Field Attention (RFA) module CSP-
RFA is designed to replace the C2f module for enhancing the capability of small target feature extraction, effectively
addressing the insensitivity of traditional convolutional operations to positional changes. Second, the backbone and feature
fusion networks are made lightweight, a new large-size feature map detection branch is added, and a Receptive Field
Pyramid Network (RFPN) is proposed to optimize the feature flow direction and improve feature representation. Third,
the detection head module is optimized by integrating multi-scale features with a multi-level attention mechanism and the
loss function is updated to improve the model’ s detection performance for small targets. Finally, in terms of model
compression, Layer-Adaptive Magnitude-based Pruning (ILAMP) algorithm is employed to further reduce the number of
parameters and model size. The experimental results demonstrate that the lightweight RSD-YOLO model significantly
outperforms the baseline model on the publicly available VisDrone2019 dataset, with a 10.0 percentage point increase in
precision, a 9.5 percentage point increase in mAP@O0.5 (equivalent to a 24.1% increase), and a 6.9 percentage point
increase in mAP@0. 5:0. 95 (equivalent to a 29.4% increase). The number of model parameters is reduced from
11.12X10° to 4.05X10°, representing a 63.6% reduction, and the computational cost is reduced from 42.7 GFLOPs to
25.5 GFLOPs, showing a 40% reduction. Furthermore, for a newly filtered dataset focusing on small occluded targets,
RSD-YOLO shows improvements of 9.1, 16.1, and 10. 7 percentage points in terms of precision, mAP@O0. 5, and
mAP@0.5:0.95, respectively.

[Key words] Unmanned Aerial Vehicle (UAV); small target detection; YOLOvS8s; attention mechanism; feature
fusion; occluded target detection
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M. BARLETEBVNT 16X 16 R ZE /N H AR fi
bk 12,0500, FIRVINF 32 X 32 QZEM/NEAR it
44, 7% ik N BT AR N B AR T
SRR 77, A5 YOI 64. 59%0 5 A ST 1) A 4 RIS
(/N BARKEIAT 45 3245

DOTA i & —A~ L iz B4 B bk il
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PETEAN PR AR B . Tz 4 B R R had ok,
B A SR EO T A SO DOTA B 43
PP BTS2 1 024 X1 024 R E MK R, [ B &
200 (R ZE S B 1k H R8T sy kb2 5
YIZREE B TEEE (R AE 4501 th 15 749 5K.5 297 5k,
10 833 5K & 2 Ak

K LLT $8 45 VA AL 4 B2 (Precision) 7R
JITAG AR H 1983 57 U3 T A AT o Y B
J2 WA A T A 43 S RE 15 A 191 % (Recal D J2&: 4 1k
BB A 3 A7 50 5 4k 4 v T A A B A L
{H S B A5 780 4 T G0 H A B4 BE 75 7 359K A
(mAP) i FUHE SAREAER ToU 3153, FHHR4E IoU
F{E AR5 mAP@0. 5 f1 mAP@,0. 5:0. 95, )<
3k A B P ARG T HE X R 4 U R . e,
IR 52 2% B B AR SCSE IR i G B AR A S8R
(Params) H T i B8 N AE PRI TH AE . [RIET, 38R
AR UGTF B BB (GFLOP) 1 M 415
A PR

SEI - A 4 FH 9 GPU S NVIDIA GeForce
RTX 4090, 5CE#35K Python 3. 8,PyTorch 2. 1. 2,
CUDA 12. 1,4 T /A X e Bk i Pk fig . i3 5 vk

R FAHIF A 2 R B BT IR S0l . RS
WS RN 1 R,
#1 NEsHRE

Table 1 Training parameter settings

e e 24 W
1 epochs 300
2 patience 50
3 batch 8
4 imgsz 640
5 workers 8
6 optimizer SGD
7 close_mosaic 10
8 1r0 0.01
9 Irf 0.01
10 warmup_epochs 3.0
11 momentum 0. 937
12 weight_decay 0. 000 5

3.2 LRSS
3.2.1 (TERISHARAE fl A X 25 1 5250 LA

S TR o J /R REAConv 1 72 J i 7 PE B
L B AR SCBEREAE VisDrone2019 $idlg e 15
M IRAT 19 0 B A B AE A R A 7 R Ol S R
Conv fl1 C2f £k H 1) Bottleneck P& ¥ 4T T
FLER S . AR S S 5630 3 i O T At A oY
2R E5R MRS R S ECER 5 3R 1 Iy — B0k
PRIE LR 28 IE 1

ISR RN ik 4 R LA an 26 2 s (B
AR LR R R, FIRD . 38 2 H, YOLOWSs i
ARSI FELRA Y, + F/RfE YOLOVS By FERE k4T
AFE 5 B ol 1 B e, 8 N, AR SCHR 1 8
RFAConv ¥ ¥ i % 1 Conv Fll C2f £ Bt v fy
Bottleneck Pl iER: 8 1Y 7 VA AE A T PPAL FE A 4R Je 2R
TR PERE  FEA AR SUE N 1.3 GFLOPs 1Y
TEOF SRR T 3. 1 A 40 mAP@O. 5 $2
BT L3 E oA T AR 4

x2 FMARERNAENERLE

Table 2 Comparison of results of adding different attention methods

LTy Precision/ % Recall/ % mAP@0.5/% mAP@0.5:0.95/%  GFLOPs Params/10°
YOLOv8s 49.0 39.0 39. 4 23.4 28.5 11.12
-+ CBAM-Attention™" 50. 9 38.3 39.5 23.6 29.1 11.58
+RevCol-net'®! 47.9 36.3 37.0 21.4 21.2 8.20
+SCConvt? 51.5 38.5 39.8 23.9 33.5 14. 91
+ DySnakeConv*" 50. 6 39.1 39.7 23.8 33.8 14. 42
+ODConv-? 49.1 37.3 38.3 22.4 22.6 9.47
+Ours 52.1 38.9 40.7 24,2 29.8 11. 35
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SRS A L GFLOPs f1 2 80 EAT 17 X% e, 4%
WM 3 fim. 2 3 1, YOLOvSs S 748 SC I 3 4k A
B, X-YOLOVSs S o BY 25 /N RUSF FREAE B 43 32 {8
a7 /N B kR A 4 32 SODH 1 B 2% 45 k9, XS-
YOLOv8s Jy ot #F J5 /9 W 4% 25 44 . B 4l 48 fii
VisDrone2019, |S535 1 53 —2k., sCst
RFY] X-YOLOVS UL RIPE S T 5.5 A 40 5

FIRERE 5. 7 B 43 MU mAP@O. 5, SR 17 i 48 A 1
AR T 8. 4 GFLOPs, Ttk 3 J5 i M 4% 45 14
XS-YOLOv8s 7EH B . A3 [ 3% V- $410KS B E B 5 %)
T e B R B A T X-YOLOVS AR A 3 3 i 2>
T 2.6 GFLOPs, 24 TR T 3. 23X10°, 4#F
A LI 45 285 48 v i) /N RS R A T G TN 4 S IR Az
LSO NI O VAN E R 7€ SN Rl € sl I E R A
R LY of B 22 40 A0 H B it 5 ) SRR 1 S 40
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Table 3 Comparison of network structure

ST Precision/ % Recall/ % mAP@0.5/%  mAP@O. 5:0. 95/ % GFLOPs Params/10°

YOLOVSs 49.0 39.0 39.4 23.4 28.5 11.12
X-YOLOvS8s 54.5 4305 45.1 27.6 36.9 10. 64
XS YOLOvS8s 54.5 43.9 45. 4 27.7 34.3 7.41

3.2.3 Kl S AT A S LA

YOLOvVS 6 Sk H3 B 114) B4 P 2 o5 A5 AU A4S
IPERE . ASCXT YOLOVS (il el Sk £ B %502 Xt T
BREARLPEBE (1) 52 W HE A7 T TR 0 8 98 R 52 56 9F 9%
SRR 4 Fron. B4 w, RE S
A ARSI Sk A B AR T T 5. 4 H A A
KSBEFN 2.4 4> M mAP@0. 5:0. 95,475k T
S84/ H AR KGN AE J7 (12 =B i T 1. 2 GFLOPs

B AR AL 22 X10° S BCRE. T A A T kLR
BEAY (T AN Sk B AL T T 2.5 T 4y s
ARG BE AL L. 43 43 558 mAP@0. 5:0. 95, 3/ T
0. 4 GFLOPs (3158 5 f1 0. 27 X 10° S H i,
X R AR SRR BRI AL 3Rt T &
BSHARYE W E B T R A R SR R — g
REHE R T 4 (% PR RE A s ] £k ARG 419 4% 0] BE
AR R .

R4 ARBRULBENLERILE

Table 4 Comparison of results with different numbers of detection heads

M RS Precision/ % Recall/ % mAP@0.5/% mAP@0.5:0.95/%  GFLOPs Params/10°
YOLOv8s 49,0 39.0 39. 4 23. 4 28.5 11.12

1A PG Sk 51.5 40.0 41.1 24.8 28.1 10. 85

2 A Sk 53.8 39.9 41. 8 25. 4 28. 6 11.35

3 A BRI Sk 53.5 10. 8 42.2 25.7 29.2 11. 84

4 A BEHRI Sk 54.4 40.9 42.5 25.8 29.7 12. 34

3.2.4 XTI HARSLE

VisDrone2019 040 42 (1) 5 v SCAF38 8 2 DL S
Ak AR L BRSO I — 5K EUR AL & B B
PRI S . P A N B AR RS 1 Ol .
B OCTGHEERD  1 GR A 2 G ) k%R
o FEMUATE AR b AR R TR A AR
IR B TE R AR B R R ARl
MRS 33 fifi AP IR RO Ry S8 M . AR SCGE 2t
i Jj i A bR 2 . e it ol 2R g vh 34 353 550 4~ H
s FLA AR AR 0 B AR B0k 142 873, B ™
WEREAY HARNECR 33 804, I B A AR £4 H A
TR 4k 6 253 FRIE R, K 5 210 SRA1ER

YIZRAE 1 043 5KAE Ay 56 E 45 2 56 11 B0 1 X6 38 4
H AR AR

RSN HARKE IR A an 3R 5 i . ARSCHE
th A9 RSD-YOLO 553 %5 9 i 4 H br 094 B2 4 [l
# mAP@O. 5 1 mAP@0. 5:0. 95 43524 35. 9%,
48.8%0.26. 5% Fil 14. 60%0, L H 7L YOLOvVSs
AR E T 9. 1,16, 1,10, 7.6. 46 F 4 A1, Horp
mAP@O0. 5 ¥1F K 67. 7% ., mAP@O0. 5:0. 95 Haiig
T 80% . S8 M\ 11, 12 X 10° T R&F] 8. 26 X
10° 98> T 25. 6 %0, E T A LA S rp U IR, 42
i S IGIE L AR SCHE H A9 RSD-YOLO 53 36 Xt 3 44
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Table 5 Comparison of detection effect of occluded small targets
STV Precision/ % Recall/ % mAP@0. 5/ % mAP@O0. 5:0. 95/ % Params/10°

YOLOv8s 26. 8 32.7 15.8 8. 14 11. 12
YOLOvV5 25.9 30. 8 14. 7 7.21 2.50
YOLOv6 23.5 27.9 12.4 6.03 4. 23
YOLOv8I 30. 6 37.6 19.0 10. 30 43. 61
RLSM-YOLOM 35.5 48.2 26.2 14. 40 11. 85
Ours 35.9 48.8 26.5 14. 60 8. 26

3.2.5  HRNSCH HLEL H AR B BB 1Y 5 . YOLOYS 4% B R 2% #)L

SIS AT ) CSP-RFA A5 | ok 1 ) 2% 4%
¥ 22 90 75 TR S A e DA R BRI 8 2k eR B R A
ROV A SCHEF T fah S 56 % HE A [R) R B 11 2 45 % /)

BEMNEIRA nisom.Lox 5 ASRRAR, 25675 18 M 2%
PEfE S REIFE . IFIRR YOLOvSs Ay HEL AR ,
IZRoE e fa1E SR UESE L I0E , 45514 6 .

xR6 HELIWER
Table 6 _ Results of ablation experiment
SEE T CSP-RFA  SODH DyHead  Wise-IToU Precision/%  Recall/%  mAP@0.5/% GFLOPs  Params/10°
YOLOv8s 49.0 39.0 39.4 28.5 11. 12
A N 52.2 39. 0 40. 7 29.8 11. 35
B N 54.5 43. 9 45. 4 34.3 7.41
C J 52.0 39.9 41.1 28.1 10. 85
D N 50..5 38.7 39.6 28.5 11.12
E N < 54.9 43.4 45.5 36. 6 7.79
F N N 53. 6 40. 8 42.5 29.4 11. 08
G N N 52.7 40. 2 41.1 29.8 11. 36
H N N N 57.5 46. 6 49.1 42.7 8. 27
1 N N N W 59.4 46.6 49.6 42.7 8.27

X L HEZR A7 YOLOVSs, ¥ il CSP-RFA itk
(RERL A FESCHe 25 b RS LA I B4 T, H
EIHE RN 1. 3 GFLOPs FIZ 5 0. 23 X
10° [ 1500 TAS EFI mAP@O. 5 23 BT+ T 3.2 |
YRR L3 H AR A, Rk I S5 A LR B SIS
SR W AT R E AU N 5. 8 GFLOPs 1y
B R B IR mAP@O. 5 43T T 5.5,
4.9.6.0 HAr . BAh. S8 h 11, 12X 10° [
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AL TR 2 45 S5 I - 8000 I k2l DTG S 2 4
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PETFT 1.5 E AR 0. 2 4% A, AR i Wise

ToU v3 fi 2 pREL , 7E AN U AR AU /N33 3 A9 i
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BRI A 80 T 6. 8 GFLOPs, 45 . 7 In] 2 il
mAP@O. 5 43 MHETF T 2. 7.4, 4.4, 8 4>, [FI B
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3.1 EHA A, FRAL G ERIRL A WAL ESIAT
Wise-ToU v3, #f % Jt 2 B8 AU B H [l 3 A
mAP@O. 5 23 BIETH T 3. 7.1, 2. 1.7 [ 43, KA
H 7E45 8 E (35 al 5] AT DyHead, Ml FE LR
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HABREF T 7.6 AL mAP@O0. 5 @ T PREEWIER 7 P, SR8 0 M A ARG 3 99 A
10. 2 {53, Hoh mAP@O. 5 RS THIE LR ] 1 SRR B 2 80 TR RS R e
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Table 7 Performance of the model under different pruning rates

B/ % Precision/ % mAP@0. 5/% ~ mAP@0, 5:0.95/%  GFLOPs Params/108.  Model size/MB
0 (base) 58. 2 49. 4 30.3 42.7 8. 26 16. 20
20 59.9 49.7 30.8 34.1 4.86 9.78
34 58.8 49.1 30. 4 28.5 4.35 8. 80
40 59.0 48.9 30. 3 25.5 4.05 8.21
50 58.0 17. 5 29. 1 2153 3. 64 7.45
67 43,1 25.4 14.5 14.2 2.80 5.88
2000 | _gﬁ‘?ﬁe

AN

1500

i mi g/
a 2
8 8

(=}

B 7 4020 BT i TR RS e AR B E B T
Fig.7 Variation-in.the number of output channels of each module in the model at 40% pruning rate
3.3 xftbxm YOLOv8s SR M4, 53 1 MR i & It X
UEIA SRR I AR S5 A E SIS 78 VisDrone2019 F1 DOTA ¥dla 4 I
PRI AL AT YNGR A, e i H TR E e 75858 XF . mAP@O. 5. mAP@O0. 5:0. 95, FPS,
A/ B bs K I 53k, YOLO & 91 88 3k DL e Params S55RU015 8 MR 9 Pk,
& 8 VisDrone2019 HEE R KB NWER

Table 8 Comparison experiment results of various models on the VisDrone2019 dataset

STV Precision/% Recall/%  mAP@O0.5/% mAP@O0.5:0.95/%  FPS/(lfis ") GFLOPs Params/10°
RLSM-YOLOM 52.2 43.8 45.5 27.7 60 38.5 11. 86
YOLOv5™ 41.9 32.7 32.0 18.5 126 7.1 2.50

DC-YOLOP 52.7 40.1 41.5 24,7 — — —

YOLOv8s (base) 49.0 39.0 39.4 23.4 256 28.5 11.12
YOLOWwSI 54.5 42.3 44.2 27.4 97 207. 6 436. 10
Mamba-YOLO-B™"] 53.9 41.0 42.6 25.7 181 49.6 21.79
RT-DETR-r180! 61.6 46.6 47.6 29.3 172 57.0 19. 88
Ours 59. 4 46.6 49.6 30.5 126 42.7 8. 26
Ours (finetune) 59.0 45. 8 48.9 30.3 171 25.5 4,05
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Table 9 Comparison experiment results of various models on the DOTA dataset

S Precision/% Recall/%  mAP@0.5/% mAP@0.5:0.95/% FPS/(ifis ')  GFLOPs Params/10°
YOLOvV5 50. 3 48.2 46.9 33.7 666 7.1 2.50
YOLOv8s 60. 1 53.7 56. 1 40. 6 500 28.5 11.13
YOLOv8m 67.7 58.5 62. 6 45.3 285 78.7 25. 84
Mamba-YOLO-B™ 76.7 68.5 73.0 50.6 113 49.6 21. 80
RT-DETR-r187! 76. 4 67.5 69. 4 44.6 270 57.0 19. 89
Ours 76. 6 68.7 73.0 50. 4 128 42.7 8. 26
Ours (finetune) 76.0 68. 4 72.2 50.0 173 25.5 4. 05
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Fig.8 Comparison of improved algorithm metrics
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Fig.9 Visualization comparison of detection results
RSB R T 4000 MRS RIHSE AR RI S10M0% ASCHIETERTEE A R . mAP@O. 5 ALY
o, fEm T FPS, Wi gOE R R HARE T SRR T 9. 1.16. 1,10. 7 Hor sl AR
HBE. £ VisDrone2019 Bl i 5Emt LEHOHIME T SEXIBEEE AR A RIFRORIINSCR .
— > FUA BB H b 0 B 4 O Hol i 52 5645 5] 5 HA F ARSI 5 R A L, AR SRR MY B SR TR



$£52% F4H8/2026 £4 R/ATENTE

227

KGRI RE 7 T IR B 1 R A P L BT B A S
FHUME . AR TAERK Ak 2 A TR Tk Ve RE .
XL TRE— AP 1 BT R AN AL AR B LA XS0
ABLBLS T 25/ B AR A IO .

(1]

[2]

[3]

[4]

(5]

[6]

[7]
[8]

L9l

(10]

[11]

[12]

S 30k

s, XA, iR, Bk YOLOvSs 1932 8 AR - R 44
). HEHLT R, 2024, 50(11): 338-349.

XIE J, DENG Y M, WANG R M. Improved YOLOv8s
traffic sign detection algorithm [J]. Computer Engineering,
2024, 50(11):338-349. (in Chinese)

IV, Wik, ZEFE, AF. TR 5 EAIE R A YOLOVT 3E
AR RN R LT] . TFSEAL TR, 2025, 51(3): 342-
351.

SUN T, YANG J , LI J X, et al. YOLOv7 algorithm
enhancement for road sign detection in low-light traffic scenes
[J]. Computer Engineering, 2025, 51 (3): 342-351. (in
Chinese)

DONG J, OTA K, DONG M. UAV-based real-time survivor
detection system in post-disaster search and rescue operations
[J]. IEEE Journal on Miniaturization for Air and Space
Systems, 2021, 2(4): 209-219.

Mok, 2T, Broghe. JET 0 AHLAY HEAT 0 5 R R 42
(J]. MR, 2022(12): 141-146, 169.

GOU Y T, LI W B, DUAN X F. Road and bridge disease
detection system based on/UAV []J]. Bulletin of Surveying
and Mapping, 2022(12): 141-146,169. (in Chinese)

W, ML, Mg, L BT 2GR RS RS
— e gTgE R (1] . AR ML 2E 32, 2021, 52(S1): 185-
196.

YANG P, ZHAO Y Y, LIY M, et al. Review of research on
integration of agricultural air-ground integration -based on
multi-source information fusion [J]. Transactions of ‘the
Chinese Society for Agricultural Machinery, 2021, 52 (S1):
185-196. (in Chinese)

AR, B, EIEN. SR T AL X2 B BRI
FrEirs ). HEPLTR, 2024, 50(12):265-275.
WANG L, ZHAO L, WANG W W. Research on air-to-air
target detection method for unmanned aerial vehicles in high
dynamic scenarios [ J ]« Computer Engineering, 2024,
50(12): 265-275. (in Chinese)

COCO. Detection leaderboard [ EB/OL]. [2024-06-19].
https: //cocodataset. org/ # detectionleaderboard.

DOMOZI Z, STOJCSICS D, BENHAMIDA A, et al. Real
time object detection for aerial search and rescue missions for
missing persons [ C] //Proceedings of the 2020 IEEE 15th
International Conference of System of Systems Engineering
(SoSE). Washington D. C., USA: IEEE Press, 2020: 519-
524.

VADDI S, KUMAR C, JANNESARI A. Efficient object
detection model for real-time UAV applications [EB/OL].
[2024-06-19]. https: //arxiv. org/abs/1906.00786.

WU C, ZHAO B J, TANG L B,
detection based on UAV [J]. The Journal of Engineering,
2019(21): 7894-7897.

CATY, DU D, ZHANG L, et al. Guided attention network
for object detection and counting on drones[C] //Proceedings
of the 28th ACM International Conference on Multimedia.
New York, USA: ACM Press, 2020: 709-717.

JIANG D, SUN B, SU S, et al. FASSD: a feature fusion

and spatial attention-based single shot detector for small

et al. Small vehicles

[13]

[14]

[15]

[16]

[17]

[8]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

object detection[]]. Electronics, 2020, 9(9): 1536-1555.
GUO J, LOU H, CHEN H,
algorithm for alien intrusion on highway [J]. Scientific
Reports, 2023, 13(1): 10667.

WEG, T, ERAEW, & E I AN A T /N E BRI Y
YOLOv8s BRI [J]. THAHL TR SR, 2024, 60(9):
142-150.

PAN W, WEI C, QIAN C Y, et al. Improved YOLOvS8s

model for small object detection from perspective of drones

et al. A new detection

[J]. Computer Engineering and Applications, 2024, 60(9):
142-150. (in Chinese)

MIBETC, sk, F2T YOLOVS Bk i BIEOK IR A 348 B
LI, ARG R 24 CA SRR RO, 2023, 39(1): 86-92.
LIU J'Y, ZHANG M F. Automatic image water depth
extraction based on YOLOV5 algorithm-[]J]. Journal of
Fujian Normal University (Natural Science Edition), 2023,
39(1): 86-92. (in Chinese)

MR, %R E. T YOLOVS BT AR B R
Fpk Dy-YOLO [J]. @ g il i K24 22 4 (B AR B 22 D,
2024, 40(1): 76-86.

YANG X J, ZENG Z Y. Dy-YOLO: Improved UAV image
target detection algorithm base on YOLOv5 [J]. Journal of
Fujian Normal University (Natural Sciences Edition), 2024,
40(1)+76-86. (in Chinese)

LIN T Y, DOLLAR P, GIRSHICK R, et al. Feature
pyramid networks for object detection[ C] //Proceedings of the
IEEE" Conference on Computer Vision and Pattern
Recognition (CVPR’17). Washington D. C., USA: IEEE
Press, 2017: 2117-2125.

ZHU L, GENG X, LI Z, et al. Improving YOLOv5 with
attention mechanism for detecting boulders from planetary
images[]]. Remote Sensing, 2021, 13(18): 3776.

THE, BMaEfs, £F, 5. EToRESEEINIEAN
/NBRRRIN R [T] . fUzs 244, 2024, 45(14): 629148.
YU AZ, WEIW W, WANG P, et al. Small target detection
algorithm for UAV based on patch-wise co-attention [J].
Acta Aeronautica et Astronautica Sinica, 2024, 45 (14):
629148. (in Chinese)

DAI X Y, CHEN Y P, XIAO B. Dynamic head: unifying
object detection heads with attentions[C] // 2021 IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Washington D. C., USA: IEEE Press, 2021: 7369-7378.
TONG Z, CHEN Y, XU Z, et al. Wise-IoU: bounding box
regression loss with dynamic focusing mechanism [EB/OL].
[2024-06-19]. https: //arxiv. org/abs/2301.10051.

DU D, ZHU P, WEN L, et al. VisDrone-DET2019: the vision
meets drone object detection in image challenge results [C] //
Proceedings of the IEEE/CVF International Conference on
Computer Vision Workshops. Washington D. C., USA: IEEE
Press, 2019: 213-226.

XIAG S, BAI X, DING J, et al. DOTA: a large-scale
dataset for object detection in aerial images[C] //Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Washington D. C., USA: IEEE Press, 2018:
3974-3983.

WOO S, PARK J, LEE J-Y, et al. CBAM: convolutional
block attention module [EB/OL]. [2024-06-19]. https: //
arxiv. org/abs/1807.06521.

CAIY X, ZHOU Y Z, HAN Q, et al. Reversible column
networks [EB/OL]. [2024-06-19]. https: //arxiv. org/abs/
2212.11696.

LIJ F, WEN Y, HE L H. SCConv: spatial and channel
reconstruction convolution for feature redundancy [C] //
Proceedings of 2023 IEEE/CVF Conference on Computer



228 F 525 F4H/2026 £4 B/ATENTIE
Vision and Pattern Recognition. Washington D. C., USA: [29] LOU H, DUAN X, GUOJ, et al. DC-YOLOvS: small-size
IEEE Press, 6153-6162. object detection algorithm based on camera sensor []].
[27] QIYL, HEYT, QI XM, et al. Dynamic snake convolution Electronics, 2023, 12(10): 2323.
based on topological geometric constraints for tubular [30] CAOSY, CHEN M X, SONG Y C, et al. MambaRefine-
structure segmentation [ EB/OL]. [2024-06-19]. https: // YOLO: a dual-modality small object detector for UAV
arxiv. org/abs/2307.08388. imagery[ EB/OL]. [2024-06-19]. https: //arxiv. org/abs/
[28] LIY, XINY, LI X, et al. Correction: omni-dimensional 2511.19134.
dynamic convolution feature coordinate attention network for [31] ZHAOY A, LUWY, XUSL, etal. DETRs beat YOLOs

pneumonia classification[J]. Visual Computing for Industry,
Biomedicine, and Art, 2024, 7(1): 19.

on real-time object detection [ EB/OL]. [2024-06-19 ].

https: //arxiv. org/abs/2304.08069.

g RAEAE
HH%ZE K W





