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Abstract: Remote sensing small target images often suffer from issues such as overly dense targets, small target sizes, and difficulty in
feature extraction, leading to low detection accuracy for existing object detection algorithms. To address these problems, this paper
proposes an SBC-YOLOvS algorithm for remote sensing small target detection based on YOLOv8 and incorporates the SAHI slicing
method. First, the SAHI slicing method is applied to slice the remote sensing small target images, effectively mitigating the problems of
excessive target density and small sizes. Second, a Space-to-Depth module is added to the Backbone of YOLOvVS to enhance the
network” s feature extraction capability, effectively addressing the challenge of extracting small target features. Then, a BiFPN feature
fusion method is employed, and the original P5 layer is replaced with the P2 layer, strengthening the network’ s multi-scale feature

fusion ability and improving detection accuracy. Finally, the CSP-OmniFusion module is adopted to further address the difficulty of
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extracting remote sensing small target features. Experimental results show that, compared to the original YOLOv8 algorithm, the SBC-

YOLOv8 algorithm with SAHI improvements yields a 23.4% and 18.3% increase in mAP@ 0.5 on the validation and test sets of the
VisDrone2019 dataset, respectively; mAP@ 0.5 : 0.95 increases by 17.4% and 12. 4%, respectively. Additionally, on the CARPK
and HRSID datasets, mAP@ 0.5 increases by 1. 6% and 1%, and mAP@ 0.5 : 0.95 increases by 6. 1% and 2.7%, respectively.

Therefore, the proposed algorithm effectively improves the detection performance of remote sensing small target images.

Keywords : remote sensing small targets; object detection; YOLOvS; multi-scale feature fusion
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e TP 2 A AR Y000 Ay TR A A Y S B o S B
FIEREAHI LS, TP (true positives ) 275 15 E ) F)
HIEZSAIREA S ; FP (false positives ) 22 7 A5 T 45 15 Tt
NIERMREAR, A 3 B 0 J2 SEPRIEFEA |
BIERG T A IEREA B E ], FN (false negatives ) TR
BERU 1R TN Ry £ S Y S PR IE SRR A KL

2) 1€ AR 55, B 2000 19 mAP & —1~%
HIPERE PP FE FR . mAP 3 22 F R PP Ak AL R AE AN () 28531

RGOS B, mAP@ 0.5 Fl mAP@ 0.5 : 0.95 J&
TEAN[R]AEHF: F (intersection over union, IoU) B{E T 11511
mAP, mAP@ 0.5 fil mAP@ 0.5 : 0.95 Ay 315 2=
R (3) FI(4) iR,

1 C
mAP@Q. 5 :FZ}APi,luU=0.5 (3)

1 N
mAP@0.5: 0.95 = W2./_”:]/11'{%:‘,. (4)

K. C BIETNEL AP, op-s 255 i FEHNTE ToU BI{H N
0.5 BFF-RPRBE (AP) 5N 2 ToU BB ECEE 5 AP, o -,
5 1 8 0HE ToU BUE N j iy AP,

3) B B S HR R B RS R BT A AT I 2R S )
B, BT IEAR A ) 5 2% B AR R . AL T
SR B 3 i R AR R s B R v B R I AR Y
AT,
3.3 GHREACIE

T SR R FH )RR B 5 vk SAHL BRI R
FIrR AR 3 AN e i 20 ( Space-to-Depth (L A) |
BiFPN+P2 (# 5t B) . CSP-OmniFusion ( #E 3t C)), 7
VisDrone2019 B4 b 47 T VH Bl S48, Hop “\/7 TN
WIS sOR FH T, IR SE I 45 5 o Bl an 2k
2 13 FiR,

%2 VisDrone2019 I&1E £ i B SE I8
Table 2 Ablation study on the VisDrone2019 validation set

Yolov8s  HHt A Btk B Bk C SAHI  mAP@0.5/% mAP@O0.5:0.95/% K5/ % B/ % ¥/ (x10°)
Vv 39.0 23.2 49.9 38.3 11.13
VvV vV 41.7 25.1 53.8 39.7 12.42
vV vV 48.6 29.9 57.8 46.1 7.45
Y vV 40.7 24.7 51.1 39.8 12.03
2 2 VvV 49.2 30. 4 59.2 45.7 8.50
VvV Vv Vv 2.6 25.7 53.6 40. 4 13.08
vV vV Vv 49.2 30.2 58.2 46.5 7.60
vV 2 2 vV 50. 4 31.2 57.7 47.7 8. 65
VvV Vv 56.2 35.7 64. 4 52.6 11.13
VvV Vv VvV Vv VvV 62. 4 40.6 67.2 59.0 8. 65

#& 3 VisDrone2019 iz & i ph SR 16
Table 3 Ablation study on the VisDrone2019 test set

Yolov8s  #Bk A B #iHcC SAHI  mAP@0.5/% mAP@0.5:0.95/% A5H0IE/ % HWEE/ % SHE/(x10°)
vV 31.7 18.0 44.2 33.6 11.13
vV vV 34.1 19.5 46.0 35.5 12.42
% v 37.8 21,7 50. 4 38.5 7.45
4 Vv 32.7 18.6 44.4 34.6 12. 03
vV Vv vV 39.3 22.7 50.2 40.6 8.50
vV vV Vv 34.3 19. 8 46.3 36.7 13.08
Vv v vV 38.6 22.2 50.9 39.0 7.60
VvV vV Vv Vv 40.1 23.0 50.6 41.0 8. 65
vV vV 45.8 27.6 56.0 45.8 11.13
vV Vv 2 vV vV 50.0 30. 4 58.7 50.0 8. 65
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B3R 2 F1 3 A DL, #E fl O SAHL J5 ik &)
VisDrone2019 35 5E 17U i #4E 2 )5 , YOLOv8 B iL7E
SR A i 4R A9 SF B RS B mAP @ 0.5 43 i3 T T
17. 2%F1 14. 1% ,SBC-YOLOvS8 K75 56 F 4 A 4R 1
mAP@ 0.5 /P BRI T 12%F1 9. 9% , UEWA T SAHI ¥
D7 AT LA AcHb 04 35 8 SN H AR BHE H bR 4 RS i
/N IRIAEL, Space-to-Depth #EER 5 YOLOvS M4 &2 )5,
TERUESE AR E [ mAP@ 0.5 4351427 T 2. 7% Fl
2. 4% AR T /N HARFRIES BA 5 £ By a8,
1M BiFPN+P2 Z5#4 2l TR ik @l & 19 77 =0 FH /N B FR A
ISk 45 1 R B AR R T Sk, 7 56 E S AR A B
mAP@O0. 5 73R TF T 9. 6% Fl 6. 1%, KGR T
MPKS . CSP-OmniFusion ¥4 9% T 4R E @& fe 11 ,FEISIE
SEFIMAER mAP@ 0.5 /35T T 1. 7% M1 1%, HF 3L
MR T /N H AR AR BOE LUBE B ) B3, ifii £ BiFPN
+P2 ZE5F ARl 22 Rl Space-to-Depth A4 | 75 B IE£E
A EF mAP@O0. 5 43 52T T 10. 2% H1 7. 6% , it
— AR T T KGN OKS B2, BiFPN + P2 254 5 CSP-
OmniFusion FEIRAHZE G Z 5, mAP 23542 T+ T 10. 2% Fl
6.9% , Wt — L T+ T B [ KR AE $R BURE J1, Space-to-
Depth 54t 5 CSP-OmniFusion 2525, mAP@ 0. 5 435
#F+T 3. 6%H1 2. 6%, Space-to-Depth A {RAR HI 47 B
HEZ 5T/ B A5 R F B, CSP-OmniFusion $2 7}
FHIERLARE 1, CR B T 3 =E 5 1/ B AR )RR RS B .
AR 3 T 2 5, mAP@ 0.5 20 4R TH T 11. 4%
F18. 4% ,[FIAF SHUR R T 22. 28% , M K A94R & T 38 %
ZIN B B AR RS B O AR TR T A S ke, WE T
SAHI ¥ F 77 1 SBC-YOLOv8 BvE A3 2k .

3.4 EEGZEESER

KRR i3Z AL BE T ( generalization ability ) J2& 8 #5 %4 75
A UL ad AR 4 B A SR B, AT R AR R S R A 2R o)
B3I € /R NS P G IV B o = o7 NI P2 e o |
DATTA A 780 7 )11 25 5 40 R L S PR ( S0B B8 ) iy 3
B, A Bh AR S BRI P A e, S T R 4
tH Y SBC-YOLOvS Sk M BT 2R % SAHI U] F J7 & 1A
BCHERIZ AR ), BT I B P i 18 12 B AR
Hedade , B CARPK BdE4E A1 HRSID B 48 | A7 1 iR
Mz LSy, CARPK H4B4E B Hsieh 45174 $2 1 | Jai i
TC MU BB AT 24 40 m (19795 FE A48T LAY . % B
407 989 K T U2 1% &5 R 459 5K FT T D3k 14 &
18, TR A 4 SARFEEE R Y 9x10° iR 41
TN B . HRSID BRI R Wei 22 41 1, 1% 808 4
f135 5 604 5K = 20 PESE SAR IR L M2 16 951 /SR 52
i, J 7 PEAE SBC-YOLOVS % ik iy iz AL P BE, 70 7R X
P AE % SBC-YOLOVS 25 7E#E 4T T I 2 F s
H N FRR T SAHI J5 %0 St 42 #E4T T80 A 48

P, FOz (LS i A R AN 4 R 5 FTs

R4 CARPK HIEEILWLHER
Table 4 Experimental results of CARPK dataset
LAY SAHI mAP@O0.5/% mAP@0.5:0.95/% P/% R/%

YOLOv8s 96.3 67.7 96.0 90.8
YOLOv8s V 97.8 73.7 97.4 94.1
SBC-YOLOv8s V 97.9 73.8 97.3 94.4

* 5 HRSID HIFEEXLHLER
Table 5 Experimental results of HRSID dataset
T SAHI mAP@0.5/% mAP@0.5:0.95/% P/% R/%

YOLOv8s 90. 6 66. 8 90.1 83.2
YOLOv8s \ 90. 8 67.8 90.6 83.8
SBC-YOLOv8s V/ 91.6 69.5 90.6 84.5

H13¢ 4 15 AT LIASH X) CARPK £k 484 5% H] SAHI
YWhZE, FPHHE mAP@ 0.5 27 T 1.5%,
mAP@0.5 : 0.95 & T+ T 6%, £ SAHI Y] }i 7 =45 &
SBC-YOLOV8 B2 J5 ,mAP@0. 5 #2717 1. 6% ,mAP@
0.5:0.95$&F+ 1 6. 1%, ¢ HRSID di 4L -, 76
SAHI J7 ik X8 2 AT V) i Z )5, mAP @ 0.5 $&F+ T
0.2% ,mAP@0.5 : 0.95 #£F T 1%, 454 SBC-YOLOvS
B2 G, mAP@O0.5 27+ T 1%, mAP@0. 5 : 0.95 &£+
T 2.7%, UWEBAT SAHI Y] R 77 i xF 38 8% EE 1) 35 FH
PEFN SBC-YOLOVS F vk %o 18 8/ IN H ARSI 4 47 %5k
3.5 XFEbLIE

T BAE T4 Y SBC-YOLOVS 53 v: 14 &bk | JF
ST AR /N AR IAT 55 P A M RE SR PR, BB T3k
AERAE /I E A A DU SRR LA Q3 114 28 BHUASC 7R TR0 s A
RUBEATOT LSR5, ELAARTT 7, 328 B X L AR AR 6 45 7 By
BRI 2 Faster RCNN B B G I £ RetinaNet !> MYV
Z Ff YOLO % % #i Y #1 YOLOvSs, TPH-YOLOvSs .
YOLOv8s Hil % #1 B9 YOLOv10s'™', Fr A5 #& AU ¥ 1
VisDrone2019 Z#u4E [ 47 U1 25 ATl | HL 1A fY 5 56 4%
Hhngk 6 iR,

% 6 VisDrone2019 Ui £33 L LG 45 R
Table 6 Experimental results of VisDrone2019 dataset
mAP@0. 5/ mAP@0.5 : 0.95/ HHE®/ S8/

Ay

% % GFLOPs  (x10%)

Faster RCNN 32.9 19.4 208.0  41.39
RetinaNet 27.6 16. 4 210.0  36.52
YOLOvSs 28.7 15.5 15.8 7. 04
TPHYOLOVSs 29.7 15.7 36.7 7.46
YOLOv8s 31.7 18.0 28.5 11.13
YOLOv8m 34.6 20.0 78.7  25.85
YOLOv10s 31.1 17.6 24.5 8. 04
SBC-YOLOv8s 40. 1 23.0 78.8 8.65
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Fig. 9  Comparison of detection results between YOLOvS8 and SBC-YOLOvS
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