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Improved remote sensing tiny object detection algorithm based on
YOLOv7-tiny
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Abstract: Seeking to resolve the issue of missed and incorrect detection of small targets in remote sensing images, this
study proposes an optimized YOLOv7-tiny algorithm. Firstly, a multi-scale attention efficient multi-scale attention
(EMA) module is introduced, and based on this, the ELAN-EMA, a multi-scale feature extraction module, is
incorporated to to greatly enhance the backbone network's proficiency in extracting features across various scales.
Secondly, the feature pyramid network (FPN) is introduced with the content-aware reassembly of features (CARAFE)
optimization, which expands the receptive field and enables the acquisition of more detailed information and rich semantic
information of small targets. Finally. this study adopts the normalized wasserstein distance (NWD) loss function to
optimize the complete intersection over union (CloU) loss function, and designs the NWD-CloU loss function, which
reduces the sensitivity of CloU to small target position shifts and can better improve the detection performance of small
targets. Experiments conducted on the publicly available remote sensing datasets RSOD and NWPU VHR-10 show that
compared with the baseline model, the optimized model achieves a 3. 6% and 1. 8% increase in mAP@0. 5, respectively,
with slightly increased computational and parameter requirements, markedly enhancing the accuracy with which small
targets are detected in remote sensing images. The comprehensive performance meets the requirements for deployment
in remote sensing detection systems.
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The improved YOLOv7-tiny network architecture
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HE—PIESE T CloU-NWD 5 4: bR 80 H A S0 .

TH ALY 25 R N2 4 in .  LLE R i CARAFE
FORFEST TR AL ST 4 1 R AR ST A INRG BE A L 3 £ A A
BET 1L8% . HEREWMT 0.1 GFLOPs, 3 &8 T
0.03X10° K P B (Al G I T 0. 16 ms, BARITH & . S5
RIS A B A O G AR T, X R
W] CARAFE L RBEBE 0] LA 85 b 4 A T A ek 37 17
AT 38 58 A5 780 6k /1N H BR FRAE O B BRRE ) . i —25 2R CT-
oU-NWD 1 4t B HU e 5 48 19 CloU i % bR B, 46 I A% BE
BT T L 3%, 280 R WA N, S 3 A i
DU TET3E 0 T 0. 1 ms, AT D0, 720 AG: 00 S R g A A H A
TEGLT BT A R A 2 UG 25 B R 4R T, e /T LR
th, CloU-NWD $i 2 R 45 B 7 50 th i Dl CloU 481 2% bR H50 %t
/N E D B S0R% 1) 1) R, 42 R /0 H AR PR IRS BE . R
1EB T M I i EMA & 7 HLH L ELAN-EMA
PEHY ELAN EH, G IS BE L FH T 0. 5% . 2800
BT 0.03X10° 3FFEERIN T 0.3 GFLOPs, ¥ &
R B 3G N T 1. 43 ms, WA TEI B £ S 80 Y
g T AG: 00 P i) 5% 348 00 A 15 00 AR ARG T A A
AR TE X — B T EMA 7 35 A7 4L AE 1 5 s
B2 ROBERSAE SR BUAE 11 . e AR ST R e e itk 7 1 55
FEARIM L, S H RN T 0. 06 X 10°, HHA M T
0. 4 GFLOPs, - Y14 WA 0 i () B0 T 1. 79 ms, ££ 3K 2
T BRI A I A G B AR IRE BE SR T 3. 6%, ZE A
REECAR . 7040 W0 UE T B0 Oy ik 1 A Atk

R4 ERSODHIEEHMIWUER
Table 4 Results of ablation experiments on the RSOD dataset

TE R B

Param

ViR CARAFE  CIoU-NWD  ELAN-EMA mAP®@0.5/% Time/ms
/(X10°)  /GFLOPs
YOLOV7-tiny X X X 94.5 6.02 13.0 3.11
Wi 1 N X X 96. 3(+1.8) 6. 05 13.1 3.37
Bk 2 N NG X 97.6(+3. 1) 6.05 13.1 3.47
AL NG N/ NG 98.1(+3.6) 6.08 13.4 4. 90
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&5 ZERSOD BIEELWHER
Table 5 Experimental results on the RSOD dataset

Ik mAP@0.5% Param/(X10°) Time/ms
YOLOv3H 81. 36 61. 60 21.8
YOLOv4™ 90. 23 64. 20 17.6
YOLOv55 90. 97 7.50 11.9
YOLOX" 92.10 8. 94 14.9

YOLOv7-tiny 94. 50 6.02 3.1

AL 98.10 6.08 4.9

AT — AR B S5 (A B . XE NWPU VHR-
10 3 JREYEE AT T 9200, AN 36 6 SIS S5 AT DLk #1L .
MR B YOLOv7-tiny 404 6. 07X 10°, B4R L HE 2R

(a) BN K&

(a) Input image

(b) IR
(b) Original model
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(R 5 LA ASE 2R A YOz J2E /0N T A ASE 2R AG i 1) T EL AR
SO A A TR ARG IR AR T A R L X TS SIE ] T
AR SCHR Y B R R S I A8 AT A0 R R 2 R F
o F) A K E

%6 7E NWPU VHR-10 H{iBE LKW ER
Table 6 Experimental results on the NWPU VHR-10 dataset

7k mAP@0.5/% Param/(X10°) Time/ms
Faster R-CNNPY 81. 39 60. 68 139.3
YOLOv3H 82. 29 61. 95 24. 8
YOLOv4H 86. 31 62.73 23.3
YOLOv5™ 91.08 7.07 18.4
YOLOv7-tiny 92.10 6.03 5.9
A 93. 90 6.07 7.5
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R T YRR SCG A ACE . FE NWPU VHR-10 s %
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FUAT T U AL TR AGE A T A, 4G 0 5 SR 1 8 T D G A Y

(OF .z ¢

(c) Improving model

6 NWPU VHR-10 %54 4580 AY ole o 55 S5 46 10 450 5% X L

Fig. 6 Comparison of detection performance before and after improvement of NWPU VHR-10 dataset model
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