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Fig. 1 Object detection model based on large kernel network and shape—adaptive label assignment
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Fig. 2 Architecture diagram of the LMKNet model
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Table 1 Comparison of different decomposition methods

for large convolutional kernels

(k1,d1) (k2,d2) RF FPS mAP/%
(3,1) (5,2) 11 23.1 80.83
(5,1) (7,3) 23 21.8 80.96
(7,1) (9,4) 39 22.3 80.85
(5,1) (7,3) 23 19.7 81.34
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Fig. 3 Mechanism of multi-scale attention
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Fig. 4 Attention visualization results
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Fig. 5 Comparison results of ATTS label assignment and SAS label assignment

2 LRG0

2.1 HE&E

A HE HRSC 2016, DOTA Hl UCAS-AOD =
AR R BT TSR . X A
1) G'T HE B ffi FH e &% i1 R HEAR 3 . HRSC 2016 J& —
A 15 43 W T O R T S 4R L AL 1 061 TR A
1%, AR K /INTE Bl R 300 px X 300 px & 1 500 px X
900 pxo FEAEE LW o U 2R 4 50k 4R R IR
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Table 2 Comparison of detection accuracy of

different detection methods on UCAS-AOD

£3 AEKRNFETE HRSC2016 E KIS E
Table 3 Detection accuracy of different detection
methods on HRSC2016

% Jrik B R4 FPS mAP/ Y
Jiik KL s mAP R3Det!"! ResNet101 12.0 96.01
R3Det” 98.20 94.14 96.17 R3Det-DCLY  ResNet101 — 96.41
RSDet® 98.04 94.97 96.50 S2ANer?! ResNet101 12.7 95.01
PolarDet!"” 99.08 96.26 97.02 AOPG? ResNet101 — 96.22
DAL 89.25 90.49 89.87 DAL ResNet101 — 89.77
Ours 99.09 96.51 97.80 Ours YOLOVS 42 96.34

Xf HRSC 2016 % i % 19 52 5 45 5% % H
mAPS50 F8 R IEATPEAL , LAE A 7 AR 6]y ik 1
PEfig. W3R 3R, Mt YOLOVS AL £ mAP50
Bhr T s3] T 96.34% MM B, LT R3Det B A
e e H bRk I 7 . BE B R IR LR,
Fr 427 B2 7E RTX 3090 GPU [ 5238 T 42 FPS (R
SRR 3 78 43 15 B BT H T 3k A TR R AR L i H
PRE A A B L RS R AT LUE
HERY YOLOvVS B AL GE % 7E HRSC 2016 %445 4 H 52
PAER FL = 2 T e B b A

DOTA & H i 23 JF 1) fe 4= 18 19 FH 1 H AR s il iy

T R R AR AL A0 i AN B s B
FHRERKTER B bR, X R g ies B brkai 5
IR PERESEAE T RAFMIERE . N T IEAS AR SO e i
e, 250 T TG 5 1 2 el A ) A Bl VR I 2 B, 5
55 45 R IR T DOTA P-4k R 55 #5 1 X 245 1 o 7
DOTA v1. 0%#li 4R Frysiin s R R 4, HR 4K
W45 a1, S E A YOLOVS B RIE DOTA v1. 0 |
WS T 76. 13 %0 By IPRE B U0 T B 4 K 2 B0 i
HARK #3784 156 I Btk 9 YOLOvS #E R fiE
bty B R e STl i N TE - Al = Y il £
FEE . HAEDOTA v1. O AR 4S5 0L IE 6.

T4 AELMAEFEDOTA LHENEE
Table 4 Detection accuracy of different detection methods on DOTA

WIRZS PL DB BR GTF SV LV SH TC BC ST SBF RA HA SP HC mAP
DRN™ 8891 80.22 43.52 63.35 73.48 70.69 84.94 90.14 83.85 84.11 50.12 58.41 67.62 68.60 52.50 70.70
R3Det" 88.76 83.09 50.91 67.27 76.23 80.39 86.72 90.78 84.68 83.24 61.98 61.35 66.91 70.63 53.94 73.79
DAL"™  88.68 76.55 45.08 66.80 67.00 76.76 79.74 90.84 79.54 78.45 57.71 62.27 69.05 73.14 60.11 71.44
AOPG™ 89.14 82.74 51.87 69.28 77.65 82.42 88.08 90.89 86.26 85.13 60.60 66.30 74.05 67.76 58.77 75.39
S2APT89.30 80.11 50.97 73.91 78.59 77.34 86.38 90.91 85.14 84.84 60.45 66.94 66.78 68.55 51.65 74.13
SASM™) 86.42 78.97 52.47 69.84 77.30 75.99 86.72 90.89 82.63 85.66 60.13 68.25 73.98 72.22 62.37 74.92

Ours  89.08 8541 52.41 75.02 76.28 78.11 89.21 84.47 80.52 86.79 61.23 71.23 72.85 75.81 63.53 76.13

6

TEDOTAHIFEE LML R
Fig. 6 Detection results on the DOTA dataset
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Table 5 Comparison results of ablation experiments

%

Ttk HRSC 2016 DOTA UCAS-AOD
Baseline 95.56 74.01 95.14
Baseline+KFIoU 95.73 74.57 96.11
Baseline+LMKNet 95.81 75.66 97.46
Baseline+SAS 96.11 75.91 96.77
Baseline+ LMK+ SAS 96.34 76.13 97.80
Ours 96.73 77.26 97.85
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T P2 B JEk ER 0 [ A FRAE i, 75 B0 92 HOE
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Baseline+LMK
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BaselinetLMK+SAS

Ours
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K AE 45, LMKNet 26 30 1 B m9 003, S22
WK, EDOTA Fl UCAS-AOD B 48 4 |-, iRl
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B 3 bR 25 BE SR W (SAS) HEAT T S2 56 . %8I
EEERERKIE LM ER, L84 T SAS
W A R
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BN TIOR8, SC 00 25 S SR B, H bn ks I 5 9
REfR 3] TRE T

M Ah ¥ B B YOLOVS 353 5 Ji YOLOvS
SR I A3 AR RS D A5 SR AT T W L
VL7, W E 7R, R YOLOvVS 5 x5t/ H #r |
KK TG B b FE RS B A iRk R 8w . H R
16 F B YOLOvS % 3k % H AR 45 AF 59 32 BUBE A
FE TR MER PR E bR o TR Ok R A bR 2
43 L O W% o B A& BC B AR 09T R R AR B X KK e
Fo B s 25 5 M IR A R U R ) R AN L Tk
i NS E 7 8P RS- O NI I e ¢ oL 2 B R T L
HERINE A HER . M Z T, 82k YOLOVS 5 ik
i RIS T T A R R A R OF ELXT e B AR A
MeEe AT —Z8w-Tt.

Fig. 7 Visualization results of ablation experiments
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Target Detection in Remote Sensing Images Based on
Large Kernel Selection and Shape Adaptation

ZHAO Ziao', DONG Aihua"*, HUANG Rong"*
(1. College of Information Science and Technology, Donghua University, Shanghai 201620, China;
2. Engineering Research Center of Digitized Textile and Fashion Technology,
Ministry of Education, Donghua University, Shanghai 201620, China)

Abstract: Target detection in optical remote sensing images is a key technology for the intelligent interpretation
of remote sensing data. To address the challenges posed by of significant scale variations, background interfer-
ence and the diversity of target shapes in remote sensing image detection, this paper proposes the Large Multi-
scale Kernel (LMK) network. This network utilized large kernel convolution and a multi-scale attention mecha-
nism to dynamically adjust the spatial receptive field, thereby enhancing the capture of contextual information
about objects in remote sensing scenes. Furthermore, a Shape-Adaptive Selection (SAS) label allocation strat-
egy was designed for target detection, which focused on the aspect ratio of the target shapes and calculated an
optimal ToU threshold based on the shape information and feature distribution. To address the difficulty of target
orientation and positioning in remote sensing images, this paper introduced the KFIoU loss function. Experi-
mental results show that the proposed target detection model achieves accuracies of 96. 73%, 97.85%, and
77.26% on the HRSC 2016, UCAS-AOD, and DOTA datasets, respectively, outperforming most existing

target detection algorithms.
Key words: target detection; deep learning; label allocation; multi-scale attention; large kernel network
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