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Feature coordination and fine-grained perception
of small targets in remote sensing images

Xiao Zhenjiu, Zhang Jiehao", Lin Bohan
School of Software, Liaoning University of Engineering and Technology, Huludao, Liaoning 125105, China

Abstract: Addressing the challenge of missed detection caused by many small targets and dense arrangement in
remote sensing images, this study introduces a small target detection algorithm for remote sensing applications,
leveraging a combination of feature synergy and micro-perception strategies. Initially, we propose a refined feature
synergistic fusion strategy that optimizes the interaction and integration of features across different scales by
intelligently adjusting the parameters of convolution kernels. This strategy facilitates progressive refinement of
features from coarse to fine granularity. Building upon this foundation, a micro-perception unit is developed in this
paper, incorporating perceptual attention mechanisms with moving inverse convolution to form an advanced
detection head. This innovative approach substantially boosts the network's capability to detect very small objects.
Furthermore, to augment the training efficiency of the model, we employ MPDIoU and NWD as regression loss
functions, mitigating positional bias issues and expediting model convergence. Experimental evaluations on the
DOTA1.0 dataset and DOTA1.5 dataset reveal that our algorithm achieves a substantial improvement in mean
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Average Precision (mAP) by 7.4% and 6.1% over the baseline method, which has obvious advantages over other

algorithms. The results underscore the algorithm's efficacy in significantly reducing the incidence of missed

detections of small targets within remote sensing imagery.

Keywords: remote sensing images; small target detection; feature synergy; fine-gained aware
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TN FAE 2Z (R ARBIPE 2 e S My A A D
fit. mAP@O0.5 $2F+ T 5.5%, Precision il Recall 13

&1 PR F &/ DOTA1.0 #0345 5 690K sk 52 36
Table 1 Ablation experiments of the proposed algorithm in the DOTA1.0 dataset

Number A B C D Precision/% Recall/% FPS mAP@Q0.5 /% mAP@0.5:.0.95 /%
1 x x x x 79.0 68.7 434 74.3 50.9
2 J x x x 82.1 70.2 384 76.5 52.5
3 x J x x 84.4 69.0 370 75.2 51.6
4 x x \ x 80.1 69.7 476 75.5 51.4
5 x x x V 80.5 70.4 454 75.8 51.8
6 x x \ V 83.3 72.3 566 78.0 53.9
7 v \ x x 84.9 69.9 285 76.4 52.8
8 J x J V 84.8 73.8 402 79.8 55.6
9 x J \ \ 82.3 71.7 416 77.0 53.0
10 V \ V 84.3 75.6 454 81.7 58.0
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A AR

LS M [R5 A Detect MBConv 3k |
NWD JZ&HI MPDIoU, mAP@0.5 #£7} 2.7%, mAP@
0.5:0.95 #&F 2.1%.

TS A ST R A, L5 A Kernel-
W h&EF . Detect MBConv K3k | Fife NWD &
1 MPDIoU, #5315 B {AOKS FE mAP@O.5 #2 7+ =
81.7%, mAP@0.5:0.95 } 58.0%, %454 vl %0,
ARSCTHEA e A i GE TR O, BTN H AR A
SRS, PR s, Souk 7 RRI A R .

3.4 XfLbiREe
T VAR, 209ilHE DOTALO Bfi 4 1

Precision-Recall curve

1.0

X A AR SO e T U 2, INZREE Aol aniAl 6
FE 7 frs . ATRAVE H, AR SCE T mAP@O.5 fH M
74.3% PR 81.7%, BARKE T 7.4%, Hi, /)
RIZEA0 (SV)AP {HM 73.5% #7151 84.4%, $FH10.9%.
ligvkith (SP) AP {HM\ 64.4% $EF151) 85.0%, #E7t20.6%.
5Bk (BC)AP {EHM 66.0% T3 82.5%, #:H+ 16.5%
HIHL (HC) AP fEM 56.9% 27151 87.2%, 47t 30.8%.
A, KHL(PL). %Mt (SH). H%: (BR). i (ST)
GMIHARRRELETE, B TASCR A 850
AN, A SCHE 4 S YOLOVS, YOLOV7,
CornerNet™”, R-FCN, YOLO-BiFPN"" (you only look

once version with bidirectional feature pyramid network).,

0.8

Precision
I3
(o))
T

o
~
T

0.2+

—— Small-vehicle 0.735

—— Large-vehicle 0.884

—— Plane 0.919
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—— Ship 0.899

—— Harbor 0.877
Ground-track-field 0.728

—— Soccer-ball-field 0.661
Tennis-court 0.945

—— Swimming-pool 0.644
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— Roundabout 0.633

— Basketball-court 0.660

— Bridge 0.494

—— Helicopter 0.569

—All classes 0.743 mAP@0.5

0 0.2 04 0.6
Recall

B 6 YOLOV8 fikil%44RA
Fig. 6 Training results of the YOLOvV8 algorithm
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Fig. 7 Training results of the proposed algorithm
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YOLO-PWCA"™ 1 YOLO-DCTIM 853 47 % e, 52
a2 Ui, ASCHILAE DOTALO SR 4E I
Rt RE RIS, MR, HoA S A i 1
BAUNASCA G, YOLOVS e/ Hes s, T
/N EFREEAS RSB /INRT R SRBER B, ¢/ NH AR
FEEAEXT R, YOLOVT 5I A T/NEFRKEINIZE, WL
A RAETHERDS N RO B, (Rl /N AR R
A EEREBUN, FED, S H bR A ER A
TGOl CornerNet A5 7Y Jo kAl 2 2 2 A 0T bb B
R SN AR, RRAESREOR S o R S — s
/N BRI TS S B A, AN B BRI T 2
P22 . R-FCN Wit H Tl i Rol i fb#fE, &
B ERRE HERRI, BN AR ERE R L RoR
AR S ORI RE R, DRI /0N E ARSI A X
55, YOLO-BiFPN "Gl 5 i ARIE Rl G B e T 78
SRR BARr AR LR R, BRI AR
YOLO-PWCA 7E AL #1 /)N B 5 B JC 264l 42 21 2 98 19 20
TEE, HILK MR A X422, YOLO-DCTI
AT R /N BARKIRS AR T 1, (AXT 4
HFMEAEIRAL I, ISR T, A4
Xif FE A Sk TORE (A, OF EUH 4/ H As /i
KW (SV). HIML HC) 5 HERA RS2 T+ 2., 356
AR SCH BB R R A RS L S B S s H A
yioalll8

R T HE— 2 SR A S 1A st e At
7£ DOTAL.S Bdie X s Sk iR IacR , 255
R33N, VLR W, ARSCOFRBUS T 1) mAP
(80.4%), FHETHAFRIELSET T 1.7% ~ 9.6%. L4
SERFM, ARSOTIERIRG R AL

7E DOTA #4084 b XA SCRE gk A7t Jf4
MRREE R rTAb R, nl&l 8 s, alad Feggenl
PIF . YOLOVT Sk Xt il 4/ H R fETE IR A 1% O
YOLOv8 kARG B AR &5, YOLO-DCTI X 12 2% 4]
B BRSO AN . A SGET S KW 3
GRERE C2f KW i, $RECEEMHEER, X5
P DX S A T T R I SR B i Xt /)N B B A
FIFH MBconv Z5H BRI, S FEEARHEE S,
i A5 BT R A B A e 4 /N E AR A1 AR R SUE B
% MPDIoU Fil NWD 45 & KA Ry [mlA 452k pi %, 19
—fLER BRI E2Z S, BN BARfEALE RIH
SRR ZE . ZE LRI, A SCRIAG TIRG FE I 2
Tt ReHE N S /N BARTRA T O, BEAE R
YOLOvS8 f AL I A i ia , I fif kA% 4 T i vh
TCHENETR e . JCEEERR SN HARR]

4% B

pojiierStRdalt VANEE Y ol YR AINN TN 1575°4
IR R AFET, ARSCHR G — Rl RAAIE bR 5 AL

%2 TR Ak DOTAL.0 #4545 Loy Rapss R
Table 2 Experimental results of different algorithms on DOTA1.0 dataset; unit: %

Category YOLOv5 YOLOv7 CornerNet R-FCN YOLO-BiFPN YOLO-PWCA YOLO-DCTI Ours
SV 751 76.5 10.1 49.8 81.7 77.6 86.8 88.4
LV 86.7 86.7 50.2 451 85.4 85.7 90.9 90.3
PL 93.6 92.3 64.7 81.1 91.8 92.6 91.9 93.0
ST 74.3 70.9 57.9 67.4 77.9 72.7 85.7 77.5
SH 89.6 89.1 31.3 49.3 89.1 87.5 81.1 91.7
HA 87.7 83.5 80.5 45.2 88.2 84.1 88.5 89.8

GTF 711 55.5 24.9 58.9 69.3 64.2 73.6 75.4
SBF 62.1 58.4 22.7 41.8 66.8 64.5 70.6 70.7
TC 94.0 94.9 85.5 68.9 93.4 94.0 93.8 96.0
SP 82.8 79.5 18.5 53.3 64.1 64.2 83.0 85.0
BD 76.1 711 38.2 58.9 74.0 78.7 77.3 78.8
RA 64.3 471 44.5 51.4 59.4 62.0 63.9 65.2
BC 78.3 72.2 62.5 52.1 76.2 75.5 82.1 82.5
BR 59.2 45.3 26.2 31.6 56.4 51.8 57.1 57.7
HC 84.4 81.7 121 33.9 83.0 76.3 85.2 87.2
mAP@0.5 78.6 73.6 42.0 52.6 80.2 78.8 80.6 81.7
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%3 KR H%4E DOTA15 #IBE i) LI R

Table 3 Experimental results of different algorithms on DOTA1.5 dataset; unit: %

Category YOLOvV5 YOLOv7 CornerNet R-FCN YOLO-BiFPN YOLO-PWCA YOLO-DCTI Ours
SV 57.8 66.5 50.3 59.7 70.5 71.2 75.2 77.3
Lv 714 82.1 59.6 58.9 77.8 86.3 88.5 89.6
PL 80.5 88.4 76.5 77.3 84.1 90.7 80.1 90.1
ST 77.8 80.9 68.1 70.5 76.2 73.1 75.7 77.6
SH 76.7 85.3 60.7 64.8 771 86.4 87.3 89.4
HA 82.6 81.7 77.8 75.1 86.9 80.6 89.1 90.5
GTF 73.7 80.6 64.1 60.3 77.5 75.3 74.9 76.1
SBF 63.2 68.4 58.3 61.6 734 66.8 75.1 75.2
TC 85.5 83.2 80.7 79.8 87.6 89.5 83.7 91.0
SP 76.1 78.6 729 734 60.5 70.1 80.4 81.3
BD 79.3 78.2 68.6 70.6 80.1 83.7 84.8 84.9
RA 73.4 75.4 70.2 66.5 74.6 68.7 70.1 76.9
BC 78.3 81.1 73.4 74.8 80.4 82.6 80.7 83.1
BR 60.3 62.5 63.2 66.3 67.1 69.8 62.6 70.2
HC 68.8 65.6 62.7 60.1 78.9 77.4 824 80.3
CcC 62.7 67.8 64.5 66.9 73.1 70.3 74.2 75.6

mAP@0.5 76.3 75.6 72.0 70.8 78.7 77.9 78.1 80.4

YOLOv7 YOLOV8 YOLO-DCTI Ours

B8 Rt bhA

Fig. 8 Comparison of detection results

SRR A (SN EARRIN G 1, Gl RS AR AR R] R AEAL PRI SR B A HES /N B AR DT TR B T
RESRARR BB QT i, BEHRS TN sUBEPERE. AL, iEid 51 A MPDIoU #INWD
PREGEIIREEE , 1800 T INAE NG . R ARRFAE DM RIREE [0k R, AT R A SR o R 1 B2
WS EERESE, URER RS RS, B8 T RERT . SSREATRRY], Z57E DOTALO
SR EZRTE 5T /N HARR R RO . AR Bl DOTALS Brdle e b i R BUA B T HA A vk
Beite— LR 2 R N AR RN BE ST, e HABLRAES, R T AR R (5N F ARG 45K
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Feature coordination and fine-grained perception
of small targets in remote sensing images

Xiao Zhenjiu, Zhang Jiehao", Lin Bohan
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Overview: With the rapid development of remote sensing image technology, remote sensing image target detection is
widely used in many important fields, including military target location and identification, natural environment
protection, disaster detection, and urban planning and construction. The task of remote sensing image target detection
is to accurately identify and locate the specific target in the image, and speculate its type and position. Different from
targets in natural scenes, targets in remote sensing images have the characteristics of large scenes, small targets, multi-
scale, complex backgrounds, overlapping occlusion, etc., so it is a challenging task to detect specific objects accurately.
At present, great breakthroughs have been made in remote sensing image target detection algorithms, but the effect of
small target detection is still not ideal. Small target detection faces two major difficulties: Little feature information of the
target, scarce positive samples, and unbalanced classification; The target location is difficult, the background is complex,
and contains a lot of redundant information, which causes serious interference to the detection. This makes it
challenging to extract the edge features from aerial images and distinguish the object from the background. Therefore,
the research on object detection and application in remote sensing images has important theoretical and practical
significance. Addressing the challenge of missed detection caused by many small targets and dense arrangement in
remote sensing images, this study introduces a small target detection algorithm for remote sensing applications,
leveraging a combination of feature synergy and micro-perception strategies. Initially, we propose a refined feature
synergistic fusion strategy that optimizes the interaction and integration of features across different scales by
intelligently adjusting the parameters of convolution kernels. This strategy facilitates progressive refinement of features
from coarse to fine granularity. Building upon this foundation, a micro-perception unit is developed in this paper,
incorporating perceptual attention mechanisms with moving inverse convolution to form an advanced detection head.
This innovative approach substantially boosts the network's capability to detect very small objects. Furthermore, to
augment the training efficiency of the model, we employ MPDIoU and NWD as regression loss functions, mitigating
positional bias issues and expediting model convergence. Experimental evaluations on the DOTAIL.0 dataset and
DOTAL.S5 dataset reveal that our algorithm substantially improves mean Average Precision (mAP) by 7.4% and 6.1%
over the baseline method, which has obvious advantages over other algorithms. The results underscore the algorithm's
efficacy in significantly reducing the incidence of missed detections of small targets within remote sensing imagery.

Xiao Z J, Zhang J H, Lin B H. Feature coordination and fine-grained perception of small targets in remote sensing
images[J]. Opto-Electron Eng, 2024, 51(6): 240066; DOI: 10.12086/0ee.2024.240066
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