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Research on lightweight small target detection algorithm
for remote sensing images

Ge Wen  Shao Yuqi Qu Lele

(School of Electronic Information Engineering, Shenyang University of Aeronautics and Astronautics,Shenyang 110136, China)

Abstract: Aiming at the problem of low accuracy in object detection caused by complex background, large scale
changes, and dense small targets in remote sensing images, an improved YOLOv8n detection algorithm, MGIL-
YOLO, is proposed. Firstly, design MSConv to reduce model parameters and reconstruct C2f module based on
MSConv to improve multi-scale feature extraction capability; secondly, based on GLSA and GSConv modules, the
BiFPN structure is improved to simplify the neck network and enhance its feature processing capability. Design a Light
head model at the head to further reduce weight and enhance the ability to extract small target features; finally, the
NWD loss function is introduced to replace the original loss function and enhance the localization accuracy for small
targets. Verified on the DIOR-R, DOTAvI1. 0, and VEDAI datasets, the experimental results show that the MGL-
YOLO model has high accuracy on the DIOR-R dataset mAP@ 0.5 Improved by 1. 7% and 1. 3% compared to the
benchmark model, 1.0% and 1.1% on the DOTAvI. 0 dataset, and 2.4% and 2.1% on the VEDAI dataset. The
parameter count has been reduced by 47%, and the computational complexity has been reduced by 32%. Compared
with other small object detection algorithms, it has also achieved good detection performance.
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o 7RI ARG SAE R, B AR 7 i R AT
— 22l R-CNN"/ Fast R-CNN"  Faster R-CNN" 4t
PR HE T XA R P BETT 35 5 53— 280 YOLO HI SSD
SFHEET A M AR B . YOLO fE CNN i fR R 5
TR AR )z R A, YOLOVS 454 T 8
PR 4% CSPNet BRI 48 BURE e AR 3 23 7] 4 7 35 3
16 SPPF. R4k T /N B A5 b W B8 77, $& 7+ 1 #f 30 R B s
YOLOv7 38 3o 51 A8 55 B 5 88 5 4002 B4 0 2% B, Bl
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Zhang %" # H FFCA-YOLO 3 & 8 1% /s B AR 4 I 55 1%
TR AIF 18 58 A% Bt (feature enhancement module, FEM),
FRAE 2 HUBE B (feature extraction module, FFM), %5 [a] [+
T CBHIMLEL (spatial context awareness module, SCAM)
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B4 /N B BRI 75 - MGL-YOLO, Ji FEULE 3 2% 5 /0N (6 i
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Att(F}) = Softmax(Transpose (C ., (F})))
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Sk B8 AR SC AR ER X AR S i T 4R T AR 1
DIOR-R $#5 4 1B AN [FIASE Bk 485 70 A 00 4 6 4 47 301 Al
SEEy . LA YOLOv8n g AR AL, S0 2 455 A3 4~ U5 n ek
PERLHL, 1 5B ] C2f-MSC(A BB , 4R 5 7 GLFPN(B
BEHO FI Light-head (C ¥, i J5 5] A NWD(D 30,
T A [ A ST 56 4% A PP A ) A B Sk A6z I 450 SR 1 5% i) A
KTH AR S5 AN 3R 1 FT/R . A S0 R /N B B s
WAE S 1) mAP@O. 5 F8 bR ¥ HUAS T 42 7, 7R 3L pind -
N C2E-MSC A5, mAP@0. 5 38 4R TH T 0.4% .2
B A b, BB C20-MSC s 58 1 %/ H AR
B AG  BE F7 5 72 TR R 45 5] A GLFPN B 5 . mAP@0. 5
BEARMANIEET 0.5%, . 38R MITE RIEA T %
5] A Light-head ¥ 3k |5 mAP@ 0. 5 #f b 5 28 45 51 42 7}
T 0.8%  ZHEFEAT 47 %, 50 T % 32 %0, B ARV i Ak
[F] B 3 — 25 42 T4 XF /N B AR 09 8 07 g 975 38 5 m A
NWD 2k bR mAP@O0. 5 48 b5 42 = F 74. 9%, BT 4& ple itk
FrEAH LR AL YOLOvVSn A — E R MR T, 455
eI i vl A O R 4 v o R = A R R =2
e ACE - pa ey R UN SR Al Ea e SR g i
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Table 1 Results of ablation experiment table

2= P/% mAP50/% Param/M FLOPs/G
baseline 83.3 73.6 3.0 8.1
A 83.1 74.0 2.8 7.9
A+B 83.2 74.1 2.7 7.9
A+B+C 84.5 74.4 1.6 5.5
A+B+D 83.5 74.6 2.7 7.9
A+C+D 84.0 74.3 2.2 6.1
A+B+C+D 85.0 74.9 1.6 5.5

3.5 xftbsEmg

D 2k BRI L

RIEAE NWD 1 2% pR B M B8 % NWD 5 CloU (%
£8) , SIoU™ | ShapeloU™ , WIoU"™ | DIoU, EloU 47 %}
Fifs, ST 25 SR N 3% 2 iR, NWD #128 sR 1Y map @
0.5 5 F 73. 9% , WS F Fo AL bR £, 55 0F T Bk 55 2K oR
BN 78 IR B R /N B bR A IR BE A TR T

2) AN TR I 3k X b 52 36

JEAIE Light-head 6 Sk ) A 0P B, W13 3 BT,
% 1 Efficient-head, SEAM-head, CBAM-head #1 Light-
head 7E DIOR-R #4440 [ SEvfERI AL T Ay b3 5 1. A
iR Light-head il 3k o 4% 5 A, ZE 4 W PE 8 0T
HA B AR 3k, X3 T GroupNorm ME I L2 R
FEHEBILE, R KD SHEATEENRN, Em 2R
JE RS B 7, 33X /N B ARFRAE B G T R

K2 MEEBHILLLE

Table 2 Loss function comparison experiment %

Ik P R mAP50 mAP50~95
CIOU  83.3 68.6 73.6 51.9
SIOU  83.6  68.9 73.5 51.6
ShapelOU  84.1  69.2 73.8 52.3
WIOU  84.2  69.1 73.7 52.4
DIOU  83.9  68.5 73.4 51.6
EIOU  84.2  69.6 73.2 52.2
NWD  84.6  69.8 73.9 53.0

R3 TEENKF L LH

Table 3 Comparison experiment of different detection heads

ik P/% mAP50/% Params/M FLOPs/G
Efficient-head 83.4 73.7 3.83 8.1
SEAM-head 82.6 74.0 2.82 7.0
CBAM-head 84.0 73.9 4.92 7.3
Light-head 84. 4 74.2 1. 71 5.5
3) E WA LS5

RERGEASCE A B8, 7E DIOR-R s 48 13k
ATXFHLSE TG, 3 MR — 28 217 32 3 1Y B Ak I 55 7% Fater-
RCNN,VOD-YOLOV7™ RT-DETR-L™ | YOLOX"* %
AT ST 80, ST 45 SRR 4 iR, M L T HEAM E R H
BRI 7 v, FL A B = A K U BB mAP @ 0. 5., Procision
Fl Recall 23953 T 74.9%.85% F1 70. 1%, 7E mAP@
0.5 b, ACE LM L T Faster-RCNN #£ 7+ 5. 1% . VOD-
YOLOv7 #£F+ 1% . YOLOv5 $##7F 2. 2% .RT-DETR-L 2
F 3.3% . YOLOX #F 1% . YOLOv7-tiny ## F 0.8%.
YOLOvSn & F+ 1.3% . 7F i #f 2 I Lb 5 o 485 70 5 1
1. 7% Wi F I BB A B — R, TR
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Table 4 Comparison experiment of mainstream algorithms

FEE R P/% R/% mAP50/% Params/M FLOPs/G

Faster-RCNN 79.7 66. 2 69. 8 41.2 206. 7

VOD-YOLOv7 83.9 68.8 73.9 44. 4 116.0
YOLOv5S  82.1 66.9 72.7 2.5 7.2
RT-DETR-L 80.6 67.7 71.6 32.8 100. 9
YOLOX  82.8 68.4 73.9 8.9 26.7
YOLOv7-tiny 84.1 69.3 74.1 6.0 13.3
YOLOv8n 83.3 68.6 73.6 3.0 8.1
MGL-YOLO 85.0 70.1 74.9 1.6 5.5
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Table 5 Advanced model comparison experiment %

Y P R mAP50 mAP50~95
YOLOv8n  83.3 68.6 73.6 51.9
FFCA-YOLO 83.5 69.1 73.9 52.6
YOLOv1On 84.5 69.5 74.2 53.1
YOLOlln  84.9 69.7 74.5 53.3
MGL-YOLO 85.0 70.1 74.9 53.8
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Table 6 Generalization comparison experiment %

A p R mAP50 mAP50~95
YOLOv8n 74.4  68.9 71.9 48.1
YOLOI11n 75.1  69.5 72.4 50. 8
MGL-YOLO 75.4 70.1 73.0 51.2
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Table 7 Generalization comparison experiment %

TR P R mAP50  mAP50~95
YOLOv8n  55.3  49.0 56.5 30. 6
YOLOlln  56.8 49.6 57.7 31.2

MGL-YOLO 57.7  50.2 58. 6 32.9
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Fig. 10 Visual comparison of improved models
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Fig. 11 Visual comparison of improved models
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Fig. 12 Visual comparison of heat maps
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Fig. 13 Comparison of visualization results for different scenario models
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