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Abstract: To address the issue of low detection accuracy in remote sensing image target detection methods for small devices with limited
resources, an efficient and lightweight method based on the improved YOLOv7-tiny algorithm is proposed. To address the issue of dense
distribution of small targets in remote sensing images, a low-span context decoupling detection head module is designed. This module
fuses deep and shallow features to perform classification and regression tasks for target detection. It effectively solves the problems of
leakage and misdetection of small targets in remote sensing images. Meanwhile, a parallel series attention mechanism is proposed to
enhance the network’ s ability to extract multi-scale target features for remote sensing image targets. This is achieved by combining the
parallel three-branch network with the spatial attention module. Additionally, the model’ s generalization ability is improved through the
introduction of the Focal-EloU loss function. The comparison experiments, ablation experiments, deployment experiments and
generalization experiments were conducted on the model. Experimental results indicate that the detection accuracy on DIOR-5s and
NWPU VHR-10 datasets improved by 2. 6% and 1. 7% , respectively, compared to the original model. The model size is only 19. 1 MB,
and the detection speed is 64. 1 fps, verifying the algorithm’ s effectiveness.
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ATALEOAIESC 86 | 45 AN 36 2 Frs, HirPiR K %, FPR=
FP/(FP+TN) x100% , i K3 . FNR=FN/(FN+TP) x
100%, IEX&F . TPR=TP/(TP+FN)x100%,

F1 HEMIELBER

Table 1 Results of model comparison experiments

- P R mAP Size LioRIUBT93
/% /% @0.5/% /MB fps

SSD 72.1  55.8  60.3 92.6 39.4
YOLOV3 81.7 71.3  75.2 142. 6 21.7
YOLOVS 88.2 8.2  79.6 40.3 76.9
YOLOv7 80.9 78.9  85.3 71.3 26.2
YOLOv7-tiny  86.8  78.1  82.8 11.7 71.4
CDA-YOLO  90.1 79.5  85.4 19.9 64.1

F2 REIEK REFFEX LW
Table 2 Comparative experiments of model positive,

false and missed detections

LAY TPR/ % FPR/ % FNR/ %
SSD 65.8 24.3 35.1
YOLOv3 69.2 30. 1 22.5
YOLOvS 74.3 18.5 25.3
YOLOv7 77.1 20.1 21.1
YOLOv7-tiny 73.3 18.8 26.2
CDA-YOLO 85.9 21.4 12.9

M3 2 A1, A SCHY CDA-YOLO 7E IE /% ( TPR) i5
F] 85.9% , HIw K3 (FNR) AN 12.9%, YOLOvS A9i%
ki3 (FPR) R 18. 5% , {H L 1E K Fi s A5 19 28 B34 A
CDA-YOLO, K, 2 CHy CDA-YOLO 7E 3% B & 4 v iy
/NE BRI S5 - B AL R B

& 6 AR S TE AR IRl — 5k B R b AR I s e, v
TP F/R1EK:, FP FRiRK, FN Rk, n LA HA
3L CDA-YOLO A5 2A 5o (R A I 8RRl 2 7 /Iy H
brag e 2 ROEE B bR A1 R 4y

XA AN [R5 e 45 Pk — 5K (B | iE A 738 5K A
W K25 2R an 2 3 B, el I 0 0 4 X6 I 3k 37, il
A, AR RBL B ARSINRS BE AP 2354 T T 3.3% 7. 1% |
6. 8% F1 1. 9% , %FiHiAil AP (AL FFET 0.3%, LLAh, ik
J& ) CDA-YOLO A &5 B A% 1 2 2% 4 H b Az I ) Js Aoz
FRRKGR, 7 R T W45 R R e ok wi A s ot I A8 AN
)3 55 B A SR

3 JZEBEHRRUER
Table 3 Detection results for each type of target

HEE 7Y 20 TP FP FN AP/ %
[ ERY) 12 1 2 62.5

YOLOVT- AR 93 12 18 80.3
i VA 81 0 1 9.5
tny 44 29 1 1 80. 6
KL 31 0 0 92.6

ek 13 0 1 65.8

CDA. A AR 103 2 3 87.4
THA 83 1 0 92.8

YOLO o] 30 0 0 87.4
kAL 31 0 0 94.5
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Fig. 6 Detection results of different models

(f) CDA-YOLO
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TRUS IR AR SEER A5 R AN 4 R
R4 HMIBER

Table 4 Results of ablation experiments

Focal-
YOLOv7- LPCD- mAP@ K ERE/
PSAM EloU P/% R/%
tiny Head 0.5/ % fps
Loss
Vv 86.6 78.1 82.8 71. 4
vV vV 86.8 82.1 84.2 66.7
Vv Vv 87.1 80.6 83.9 69.5
Vv V. 882 78.9 83.7 69.9
vV vV 84.8 81.1 84.7 61.1
vV vV V. 88.9 78.4 84.4 67.6
Y4 Vv Y4 V.o 90.1 79.5 85.4 64.1

i 4 AT AU LPCD-Head ) YOLOv7-tiny [
mAP M 82. 8% 1 % 84.2% R AR B T 1.4% ., Bl
RPEE T A% , MORE B EEAORREANE TR Sk A Rk il
AHLH S BOR I N 71,4 B E 66.7 fps, ALAE
PSAM & i, mAP B4hN 7 1. 1% fHEEEFEE T 1.9 fps,

U 2K BB, mAP M\ 82. 8% 4 %) 83. 7%, 1fii 1

(a) YOLOV7-tiny

%7 YOLOv7-tiny 5 CDA-YOLO 5 ¥E7E L RF X ( 1) |
SORTT LX) A/ F AR R XI (R ) Rl 45 2R
Fig.7 Detection results of YOLOv7~-tiny and CDA-YOLO under

multi-scale regions(top) , complex background regions( middle)

(b) CDA-YOLO

and small target-intensive regions ( bottom)

JERIBEAR T 1.5 fps. 7 SCHEAR I 3k i BEAilt L P 5
PSAM , BEHISE- Yk E 1 82. 8% H2 T+ & 84. 7% , B (k4 T}
1. 9% , KB T FE 2 61. 1 fps; EJH#EAI‘#HIB‘J%WF%
PREILG , mAP D\ 82. 8% ¥4 I E| 84. 4% , # FE W] T [ 2|
67.6 fps, FTAHIERT , mAP I\ 82. 8% 345 85. 4% , i
JENIH 64. 1 fps, SR IH BE WS AT T B AEAE PRUE SE R
PR A SEA b RIS BT T 2. 6%

1) LPCD-Head 74 il 52 56

JT B UE LPCD-Head WA 24P, L YOLOv7-tiny +
PSAM+Loss SRR Y | XA [R)RRAE 2 UEA TIH Al S8 55, 52
LSR5 s,

&5 LPCD-Head JHEESCIREER
Table 5 LPCD-Head ablation experiment results

Gt G P/% R/% mAP/%
Pl—l PI Pl+l Pl—l PI Pl+l

Vv Vv 88.2 76.9  82.3

Vv Vv V. 8.8 79.1 83.4
v Vv Vv 89.3 78.9  84.8
vV Vv V.oo90.1 79.5 85.4
vV v o VvV V. 84.9 80.8 83.9

MO AT 55 Bl AFHAS IR Z FF AR S Y0KE BE mAP 42
TET 1. 1% W T35 A5 B30 24T 55 i S =, 24 [l
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VA 55 Rl AR SR IR 2 RFAE IS, mAP $2 5 1 2. 5% ,EW] T
Y515 XS AT 55 1 e 2 [) Ao o AR B A Il AT 55
Xof 328 R PR ARG TN 1) 5% i TR 3R B K5 o DA b AR 45
mAP 1 82. 3% $2 T+ % 85. 4% BEAREETL T 3. 1% ; )=,
XF oA [R] Rl a3 J24RE, & RRCR B R R B B
YCIER T AN RAT: 55 %R AR 2 09 75 RS2 AN 6] 19, 3k 1 A
SCEH Y LPCD-Head fY7A 20,

2) PSAM 5256

N T PR PSA B B AL, LA A I Sk
K R EOR SERR AR R ( DL-YOLOv7-tiny ) , 43 1l 51 A 22 i
) CBAM VEE I HLHIBLHAT CA VR AL T XF
HSEk, SR R AN 6 B

F6 BMAREEBEANFIX L LR
Table 6 Experimental results comparing the

different attention mechanisms

DL-
P/ R/ mAP/

YOLOv7- CBAM CA PSAM SHE
] % % %
tiny
Vv 88.9 78.4 84.4 10792 609
vV VvV 87.9 79.5 84.8 10 800 900
vV Vv 87.3 80.6 84.7 10795233
Y4 V.o 90.1 79.5 85.4 10795332

CBAM 3 i H 3 I b 2% > 38 18 12 ) 1 21 22 PE A

o R AT FH 0 RRAE 30 TCOCRRIE , (HX T3 R L h
2 R HARK ISR AR BRAR  mAP AU T 0.4%, H %
ORI 22 CA BLHUREAE e B9 17 B {5 B A 213 38
o IR T RERKEOCR MR R 5 T 2. 2%, (H
ZAEZS A YERE M5 B, mAP AU S 0. 3% ; PSA #iH7E
CA BB FERE_E 38— )2 3x3 AU A BT 4T =3¢
BRI T I AZS [ i, AR 45 0t 2 RUE H
FREFAFE A PEERE S M ATHE T, I8 SC 80 T [ 38 1 = 2 il
TEFNZS (] B BB, mAP /1 84. 4% 1R T = 85. 4%,
HRIETE T 1% 500F T PSA RS HL7E 12 S G A I Hh i
s,

3) Ok PRSI

N 32 RN Focal-EloU 7£3% B K%t A6 I 2k
B, L YOLOv7-tiny + LPCD-Head + PSAM g KL fifi #5410 | 5]
AR B sR BRSO LS55, S22 SR 2k 7 PR, i
BRI BRECH CloU, HH 38 7 AT, DloU 3 5o 4% 7} 33
B MEF O S22 R R R TSI L H R
J& box [FHHAREIN LE , FEAE AR WS DR R (A1, mAP A
2T T 0. 2% ; EloU BHERIG IR AE AR50, #FE— 25 im
DT URSIGE (R 1 3 J8 G v i AR X 2 B W AN
5 ,mAP R FFET 0. 8% ; Focal-EloU 7 EloU R EERN
5] Focal Loss, fift th T 2 JB& G o 1E SRR A R SF- 45 [
R FE R T S BE 0 [ 7 B0RE BE mAP $2 T T
0.7% ,%FE T Focal-EloU 7532 8 R% KR

R7T SIANTEHBK RIS L LI EER
Table 7 Experimental results comparing

different loss functions

Loss P/ % R/ % mAP/ %
CloU 84.8 81.1 84.7
DIoU 87.6 82.2 84.9
EloU 88.2 79.7 83.9
Focal-EloU 90.1 79.5 85.4
2.5 HEBEEEXLL S
TR AR R 00 T R R A e A R A% o b 1Y) LA

T, 50/ IN A AR (AR R R A (e 5 4 i 7 358 38 T L B 4 ) A
GEURAT PR A1 A b0 R R R BRIk SR SR AR S
PR 2 B ke vl R B 1 R B K CDA-YOLO 5
Al = SRR g (A RRURIT R O AT X L, S IR 4 SRy
SaniE 8 Ao Fras , Horp R FE bR K, 10 F A R F
K., HE 8 v A AH L F RKALE YOLOV3, YOLOVS \SSD |
CDA-YOLO JCifs 78 7R B 3A 2 A6 DUOKG J3 1 #0 oF EL A 3,
CDA-YOLO #HI T YOLOv7-tiny 75 A FUAH I B9 1% 00 T,
mAP 11 82. 8% b J1 7 85. 4% ,HE{KIRE T 2. 6%, IAh,
YOLOv7 &K B 5 CDA-YOLO 3 -, {H A% 5 4 FH
KOMELITEG IR Z PR 3 45 EE6%E . B & 9 A1, CDA-
YOLO ) mAP 1 FPS 43 33k 5] 85. 4% fil 64. 1 fps, Hi i
LT YOLOV3 F1 SSD. YOLOV7 ()46 A B B A5 488 4
FEI (R o R KA, SE A PR 55 . YOLOV7-tiny il
YOLOvS ¥ FPS {H 8=, (0 H mAP {25 5I{H 82. 8%
79. 6%, L5 R R AL R IR FE , CDA-YOLO
S R AL A P 3 R PR A AS AR A

090
@ 3
0.801

0.751

mAP/%

YOLOV7-tiny
CDA-YOLO

o
0.651 ® YOLOvS
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Fig. 8 Comparisons of volume and detection
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accuracy of various models
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Fig.9 Comparisons of real-time and detection
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RGN 3 PR G A ] 76. 9 fps , HAE RIS 5 4%
BRI B R 88.6%, YOLOV7-tiny 5 K /MY Ky
11.7 MB, {HHAG ARG Bt 2 88.9%, MIELZ T, 483
FEH A CDA-YOLO BRI K /MU 19.9 MB, HoAS ) 5 i
FIAG IS B2 43 W15 5] 64. 1 fps F1 90. 6% , TEARIE /2 5 5%
i FLP Y A HORS B B aS B . 1B 10 el R
JE B EEAE NWPU VHR-10 BE4E h & 24 37 5 AR 4Gl
BB R BT BCHE S A CDA-YOLO 53328 R A
T HARMEE 22350 B A A K (9], W] B T
CDA-YOLO HA & UF iz 1L fE
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10 NWPU VHR-10 J& A 40T L
Fig. 10 Comparison diagram of NWPU
VHR-10 remote sensing dataset

(b) CDA-YOLO

%8 NWPU VHR-10 ;B B EIEEXT L E R
Table 8 Comparison results of various models
on the NWPU VHR-10 dataset

T mAP@0.5/% FERRE/MB Kl B/ fps
SSD 68.3 92.6 39.4
YOLOV3 83.2 142. 6 21.7
YOLOvS5 88.6 40.3 76.9
YOLOv7 89.3 71.3 26.2
YOLOV7-tiny 88.9 11.7 71.4
CDA-YOLO 90. 6 19.9 64.1

3 48 8

ARSCERR E T H ARSI 32 e 52 BRI BR A 0 /N B R
RIS AN, HLAE G2 18 B e g 5 kAT B
Sy oA A A Y R, $2 1 T CDA-YOLO ik, JF v 4
% A AR R A DB AR AR S S B 3 et A
=S BRI AT I S ) R ) S 4 it T —Fb
HATRIRTE R IR, A R0 T B Hir 2 R
J3E )8t s FEAS N B B, 308 3k %) 3 2RAT: 55 il B R SR AR AR [
VAL 55 Rl B R E AR B9 J7 vk, it 1 —FIRES 2 R 3¢
FERB ARG Sk | AR T B R P rh B AR /N F RS AS I 14 T
K% BT 1A Focal EloU 2% BREL, 4 & 1 BAY 1932 1k
AEJ1, SLHSS IR . 7E DIOR-5s B4 45 T A o7 3
KSR 82. 8% 2 THZE 85. 4% , Kl 8 1% Ky 64. 1 fps, Fi T
KM 19. 9 MB FEQRIIE R B RAVHTEE T, —E R
AR TR AR KR, I AE NWPU VHR-10 %04 4E -
KIS BE 3K 8 90. 6% , Btk T AU MEZ AL RE 1, TEAR K
TR 2T CDA-YOLO 55 AE W - & 1 58 iGE
TEBIREA X 1V RS HEA T RIS
B3
[ 1] Wi, bt Mde=s, 5. T BEREBERMIFT

BRI R R B R 2R )] Il S A
4R, 2023, 37(1) : 116-122.

CHEN Y, YANG Y, YANG CH L, et al. Remote
sensing image scene classification via stage-based focal
loss and parallel data augmentation strategy[ J]. Journal
of Electronic Measurement and Instrumentation, 2023,
37(1) . 116-122.

[2] H®E, K, ERER, 5. BE 22U E I E K
PGt 55/ H R RN [ 0], AR AR 24, 2022,
4 (3). 221-229.

YAN J H, ZHANG K, SHI T J, et al. Multi-level
feature fusion based dim small ground target detection in

remote sensing images| J]. Chinese Journal of Scientific

Instrument, 2022, 4 (3) . 221-229.



- 32 . G R - C I T %38 4

[ 3] LORANT, DA SILVA A B C, JOSHI S K, et al. Ship Electronic Measurement Technology, 2023, 46 ( 16):
detection based on Faster R-CNN Using range- 179-186.
compressed airborne radar data[J]. IEEE Geoscience [13] LIUM, LIN K, HUO W J, et al. Feature enhancement
and Remote Sensing Letters, 2023, 20, 3500205. modules applied to a feature pyramid network for object

[ 4] ULLOSL, MOHAN A, SEBASTIANELLI A, et al. A detection[ J ]. Pattern Analysis & Applications, 2023,
new mask R-CNN-based method for improved landslide 26(2): 1-13.
detection [ J |, IEEE Journal of Selected Topics in [14] LUOS, YUJ, XIY]J, etal. Aircraft target detection in
Applied Earth Observations and Remote Sensing, 2021, remote sensing images based on improved YOLOvS[J].
14.3799-3810. IEEE Access, 2022, 10. 5184-5192.

[ 5] QIUM, HUANG L, TANG B H, et al. ASFF-YOLOv5: [15] HAN W, KUERBAN A, YANG Y, et al. Multi-vision
Multielement detection method for road traffic in UAV network for accurate and real-time small object detection
images based on multiscale feature fusion[J]. Remote in optical remote sensing images[J]. IEEE Geoscience
Sensing, 2022, 14(14) . 3498. and Remote Sensing Letters, 2022, 19. 6001205.

[ 6] Bukil, AR, 07, . Pk YOLOVSs RUEE&E [16] WK, D% J&F YOLOvS M5y IER ) SAR A

BARBFFELT]. EAME IR 2022, 41(11) - GO fi A I [ D], 0S4 AR A, 2022,
57-66. 36(8) . 141-149.
QIAN CH SH, SHEN Y W, SUN N, et al. Improved HU X, MA L J. Multi-branch attention SAR image ship
YOLOv5s remote sensing image detection research [ J]. detection based on YOLOvV5 [J]. Journal of Electronic
Foreign Electronic Measurement Technology, 2022, Measurement and Instrumentation, 2022, 36 ( 8):
41(11) ; 57-66. 141-149.

[7] LINJ, ZHAO Y, WANG S, et al. YOLO-DA: An [17] GEZ, LIUS T, WANG F, et al. YOLOX: Exceeding
efficient YOLO-based detector for remote sensing object YOLO series in 2021[ J]. ArXiv preprint arXiv; 2107,
detection [ J |]. IEEE Geoscience and Remote Sensing 08430,2021.

Letters, 2023, 20, 6008705. [18] ZHUANG J Y, QIN Z, YU H, et al. Task-specific

[ 8] NIEY, BIAN C, LI L, et al. LFC-SSD: Multiscale context decoupling for object detection [ J]. ArXiv
aircraft detection based on local feature correlation[J]. preprint arXiv: 2303, 01047,2023.

IEEE Geoscience and Remote Sensing Letters, 2022, [19] ZHU X Z, CHENG D Z, ZHANG Z, et al. An empirical
19 6510505. study of spatial attention mechanisms in deep networks[ C].

[9] LINTY, GOYAL P, GIRSHICK R, et al. Focal loss for 2019 IEEE/CVF International Conference on Computer
dense object detection[ J]. TEEE Transactions on Pattern Vision (ICCV), 2019. 6688-6697.

Analysis & Machine Intelligence, 2020, 42 (2):. [20] HOU Q, ZHOU D, FENG J. Coordinate attention for
318-327. efficient mobile network design[ C]. Proceedings of the

[10] LIU W, MA L, WANG J, et al. Detection of multiclass IEEE/CVF Conference on Computer Vision and Pattern
objects in optical remote sensing images [ J |. IEEE Recognition, 2021 13713-13722.

Geoscience and Remote Sensing Letters, 2019, 16(5) : [21] ZHENG Z, WANG P, REN D, et al. Enhancing
791-795. geometric factors in model learning and inference for

(117 BEIR, A, B8, 5. REAZRERMERE SSD object detection and instance segmentation [ J]. IEEE
FIE MG/ BARKE I ()], dlsE FEE TR, 2021, Transactions on Cybernetics, 2021, 52(8) : 8574-8586.
29(11): 2672-2682. [22] ZHENG Z, WANG P, LIU W, et al. Distance-IoU loss:
CHEN X, WAN M J, MA CH, et al. Recognition of Faster and better learning for bounding box regression[ C].
small targets in remote sensing image using multi-scale Proceedings of the AAAI Conference on Artificial
feature fusion-based shot multi-box detector[ J]. Optics Intelligence, 2020, 34(7) : 12993-13000.
and Precision Engineering, 2021, 29(11) : 2672-2682. [23] ZHANG Y F, REN W, ZHANG Z, et al. Focal and

[12] A%, M, £HFE. FETFUH YOLOX BT E efficient ToU loss for accurate bounding box regression[ J].
JREVSAC IR ]]. RIS AR, 2023, 46(16) Neurocomputing, 2022, 506 146-157.

179-186. [24] 7HU X, CHENG D, ZHANG Z, et al. An empirical study

ZUO L, NIU X W, ZHU CH H. Aerial remote sensing
image detection model based on improved YOLOX[J].

of spatial attention mechanisms in deep networks [ C ].

Proceedings of the IEEE/CVF International Conference



57

T HE YOLOVT-tiny (14 785 2005 o 1B SR 1A 1 H A 5 vk - 33 .

on Computer Vision, 2019 6688-6697.

[25] RORIZ R, CAMPOS A, PINTO S, et al. Dior: A
hardware-assisted weather denoising solution for Lidar
point clouds[ J]. TEEE Sensors Journal, 2021, 22(2) .
1621-1628.

EE '

FRSED, 2014 4F T ARG B TR 3015
T, B0 R VT PG B TR SR R, AT
FE7 T A BRI S R ) TR A ) 5 R
AL

E-mail ; xianyankuang@ 163. com

Kuang Xianyan received his Ph. D.
degree from South China University of Technology in 2014. Now
he is a professor in Jiangxi University of Science and Technology.
His main research interests include intelligent sensing and

control, deep learning and image processing.

e =N WL BN o 7 o 1) R O
BEWEFETT 6] R 27 ] SRR AL B
E-mail ; 2500432750@ qq. com

Cheng Fujun is a M. Sc. candidate at
Jiangxi University of Science and Technology.
His main research interests include deep
learning and image processing.

REF ({51, 2006 4 TILPT R
TR A 257, BN T 76 3 TR
Ui, SRS D5 1) B R A S LA N IR
JE 2] SRR AL
E-mail ; cuiginwu@ 163. com

Wu Cuiqin received her M. Sc. degree
from Jiangxi University of Science and Technology in 2006. Her
main research interests include intelligent perception and

robotics, deep learning and image processing.



