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Remote sensing image detection algorithm
integrating visual center mechanism and
parallel patch perception

Liang Liming, Chen Kangquan®, Wang Chengbin, Feng Yao, Long Pengwei

School of Electrical Engineering and Automation, Jiangxi University of Science and Technology, Ganzhou, Jiangxi
341000, China

Abstract: To address the challenges of complex background interference, multi-scale differences in targets, and
the difficulty in extracting small targets from remote sensing images, this paper proposes a remote sensing image
detection algorithm based on the YOLOv7-tiny model that integrates the visual center mechanism and parallel
patch perception. Firstly, the algorithm introduces an explicit visual center mechanism to establish long-distance
dependencies between pixels, enriching the overall semantic information of the image and improving the extraction
performance of target textures. Secondly, it improves the parallel patch perception module by adjusting the feature
extraction receptive fields to adapt to different target scales. Thirdly, a multi-scale feature fusion module is designed
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to efficiently fuse multi-layer features, thereby improving the model's inference speed. Experimental results on the

RSOD dataset show that the proposed algorithm achieves improvements over YOLOvV7-tiny in terms of precision,

recall, and mean average precision by 1.5%, 2.4%, and 2.4%, respectively. Additionally, validation on the NWPU

VHR-10 and DOTA datasets confirms the strong generalization performance of the proposed algorithm.

Comparative analysis with other algorithms further demonstrates the superior performance of the proposed

approach.

Keywords: remote sensing images; object detection; YOLOv7-tiny; explicit visual center mechanism; parallel patch

perception
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Fig. 1 Remote sensing image detection model integrating visual center mechanism and parallel patch perception
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Fig. 3 Parallel multi-branch feature extraction module
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Table 2 Experiments on contrasting attentional differences

EEH SHEIM FPS mAP@0.5/%
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Table 3 Effectiveness of decomposing a large kernel into two

sequences of depth-wise separable kernels

(ki, dy) (K, dy) RF FPS mAP@0.5/%
(3, 1) (5,2) 11 104 92.0
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7.1 (9, 4) 39 88 94.7
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M, 7€ RSOD ##i4E I 5 ELAN 8 47 %F Lt
SEEREE RN 4 PR, I AR R 2R AR
HARAE

4 4 MFFM 5 ELAN {1k 525

Table 4 Comparison of experiments between MFFM and ELAN

i SH M FPS mAP@0.5/%
ELAN 6.0 88 94.6
MFFM 4.8 126 94.2

JrMrde 4 I, 5 ELAN M, MFFM A mAP
FEFRAUE/D 0.4%, {HIH: Par HIEMK 1.2 M, [6]IF FPS
325 38 fis, ik 126 fls. ZEO % &= 15hx,
MFFM TEREAR A SRS BE RS O, 3R 248
e Ry alll 792

3.6 HELXIE

SRR AR SO R ) f etk , il F RSOD %t #E 1k
Frifmhscys, Hgb R s R, Hb ikl kg
WIS PR A . M1 FRFEL AR YOLOV7-tiny;
M2 £Ix7E M1 EEAl 5] A EVC Bl M3 RIRFE
M2 E&fili FES I PPA 58, M4 FoRikit MFFM B
Beff M3 AERITR ELAN #5idle, RIS SCRERY

SR 5 A, LAY YOLOV7-tiny 7E 2 /& A
CNER Y oAl A TS N R AN i B R S R (v
94.6%, H RAL . AT AN 0 OF- 8 HE I R A
HS7 A BT MER ALK, L 85.0% A, FEAX
RIZER B B O, HER R A mR A 4 T4
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A5 HRREhiiE

Table 5 Ablation experimental data

o Hei%PI AR T AR TR
Wl e Sach B MAP@0.5/%
M1 90.3 93.1 97.9 97.8 85.0 97.7 94.6
M2 92.6 91.2 97.7 98.5 88.5 98.4 95.8
M3 92.0 95.2 97.8 98.8 91.4 99.5 96.9
M4 91.8 95.5 97.7 98.6 93.0 98.8 97.0

L1 P P 1 R N2 e AL B T i W S A B U
TEWILAREE M1 fiY Neck RIZ8 5| A EVC il , #& ik
et A BT, PR R R ERTE 1.2%, #E
BRI B, VW] EVC B A BES 1T (5 %
SRR BE R AOC R, 1 HLA RO JR i X AR
Xof 328 R % E RS ELAT i ) 22 RUBE R IE R B2 i T o
T M2 A9 Backbone P4 JiK T 48l PPA #ib, SEIE
BRIMEARTE 1.1%, 45 H AR5 BT B R34
BTt Herb A A B B R SRk B4 TR b
M, UEHA PPA A5EH AT LA 70 4 $ BURI 3 B R AiE
A EE . BJ5i MFFM #3#4: M3 1 ELAN
B, [ ST A 0 P K 2k 5 4 TR hR i)
HAUAE,  HoH ST SSHTR BF BI R A T AR R
T+ 8.0%, VL] MFFM BLHREAS 783 il G 22 U RFAE
fHE, ARG 4 50 F S scHFid i Hpr . Ak
BRENER, SFEM—2EEMNELR, TS
BRI, SR s Gl A AR i 2
WERR RIS IR, (E2 ] LRIAL R 5454, e R 2%
RS, DS/ D RN SHCR RS A 24, AT
SR LA RS, B AR RLAE TR L i R

SETE, ALY A A AR RE ST o T RS R4S
R, ASCTRARL Y B AT R

3.7 ZWMERNERS D
3.7.1 BB

R T WA SCR B L, 4 Faster R-CNN
SSD., YOLOV3-tiny , YOLOv4-tiny . YOLOv5s . YOLOv5m
YOLOv7-tiny, YOLOvSs, YOLOv8m FlIAs 34492 &
TRl —SE B R T LSy, LSRR A5 RN 6 fir
N, HA I AR R IR IR bR AR

BT 6 AT, AR SCALAYAAEE T Faster R-CNN
SSD. YOLOV3-tiny, YOLOv5m Fl YOLOv8m % 1,
1EZ%0R . FPS Al mAP@O.5 3X =MEHr R,
Hr mAP@O.5 i B LI R bR i S i, FPS {E UK
F YOLOv3-tiny, ik 85 Wi, it i tEdi-R. 5
YOLOVSs #l YOLOvV8s HkAH L, 7 S E a3 111
MR, ASCEER mAP@O.5 7354 1.5% 1 2.7%.
5 YOLOvA4-tiny #il YOLOv7-tiny 5.1 8, A SCHE
219 2 40w R UK it £5, B FPS AHAL YOLOV7-
tiny JEA PR EFA AL, A YOLOv4-tiny K i 1 K
mAP@0.5 535 14.6% F1 2.4%

A 6 AR FiEAmHAEAT

Table 6 Comparison of detection data from different algorithms

R ZHEM FPS PR PR
Wl e SEREH b mAP@0.5%

Faster R-CNN 72.0 10 71.0 98.0 85.0 100.0 88.5
SSD 24.4 43 79.0 98.0 73.0 100.0 87.5
YOLOv3-tiny 12.1 104 94.2 96.4 76.9 98.5 91.5
YOLOv4-tiny 6.1 50 70.7 97.3 61.7 99.1 82.4
YOLOv5s 9.1 90 97.4 97.8 87.4 99.3 95.5
YOLOV5m 25.0 56 97.0 96.8 89.4 99.2 95.6
YOLOV7-tiny 6.0 88 97.9 97.8 85.0 97.7 94.6
YOLOv8s 11.1 97 97.6 97.2 82.8 99.4 94.3
YOLOV8m 25.8 53 97.2 98.1 84.3 99.5 94.8
ours 11.5 85 97.7 98.6 93.0 98.8 97.0
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XF FEAS TRV (0 - IR e ] T, AR SO RS E AL
B 22 RO MBS B AR B AL SIS 2 30 €,
AP 553k 97.7%, LK T YOLOV7-tiny; 1 AR 5
Kb, SEIHERG RN 98.6%, AL EALIEbE
TERTT 50 T WL A 2 rh R B s, P34
Wik 93.0%, mHL T HABS
3.7.2 M

R ELW I R AR SO A RS M R, K AS SO R[]
BERIRER 7y el K RF ee ey AN S e w18 BT B K e
B R R JEL K] . Faster R-CNN, SSD. YOLOv3-
tiny , YOLOv5s, YOLOv5m, YOLOv7-tiny . YOLOVSs
YOLOv8m FIA TR L RMACR , anlsl 6 fis . J
HEl 6(a, d) Fan i/ BARiEERER ; [ 6(b, e) Fn
R AE G 1 6(c, ) Fon 2 N Hirg iR A

Original image Faster R-CNN

YOLOv5m

YOLOV7-tiny

K6

YOLOv8s

%

WA 6(a, d) ATAT, TERUN BARIIRTINEE SR,
SSD HIEAFAEEBAE M), RIXF[R]— 4 A kA T A T
W5 YOLOv3-tiny H- 9% 27 H ARG KL 915 L ; Faster
R-CNN, SSD, YOLOv5s, YOLOv5m, YOLOv7-
tiny, YOLOvS8s Il YOLOv8m 334 H B AR H AR iR
IR, Hrp Faster R-CNN. YOLOvSs #i1 YOLOvSs
BRI A . A SRR AR, AR,
/N E AR A ERS T

TEIE] 6(b, e) S 2475 5 HAR AN Z5 R, Faster
R-CNN,  SSD.  YOLOv3-tiny,  YOLOVS5s,
YOLOv5m. YOLOv7-tiny. YOLOv8s #1 YOLOv8m
FRRIAE, S B 2y BARSE AN A Y LA 5
Faster R-CNN B AA7EE HAR R 1RO ; SSD Bk

YOLOv5s

YOLOv3-tiny

YOLOvV8m Ours

KR Foskif i B AAe 25 R

Fig. 6 Remote sensing target detection results of different algorithms
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Remote sensing image detection algorithm
integrating visual center mechanism and
parallel patch perception

Liang Liming, Chen Kangquan®, Wang Chengbin, Feng Yao, Long Pengwei

PMFE: parallel multi-branch feature extraction LSK: large selecti

i
i
CSPSPP I

Remote sensing image detection model integrating visual center mechanism and parallel patch perception

Overview: In response to challenges posed by complex background interference, multi-scale variations of targets, and
difficulties in extracting small targets in remote sensing images, this paper proposes a novel remote sensing image
detection algorithm based on the YOLOv7-tiny model. The algorithm integrates a visual centering mechanism and
parallel patch perception to enhance target detection performance. The algorithm introduces three main innovations.
Firstly, it introduces an explicit visual centering mechanism that uses a lightweight multi-layer perceptron to establish
long-distance dependencies between pixels, focusing on capturing central features of contextual information to enrich
the overall semantic information of images, including scene structures and contextual details. Simultaneously, a
trainable visual centering mechanism aggregates local area information within layers to capture locally representative
feature representations, thereby further improving the extraction performance of target textures. This approach
effectively extracts and utilizes the overall semantic information of images, accurately capturing global features of targets
to enhance recognition of target textures and shapes during detection. Secondly, the algorithm improves the parallel
patch perception module by dynamically adjusting the feature extraction receptive field to adapt to different target scales
and capture diverse scale feature information, effectively handling varied backgrounds. In practical applications, targets
in remote sensing images often exhibit different scales and complex environmental backgrounds, where traditional
methods may struggle to distinguish or ignore these differences. By dynamically adjusting the receptive field, the
algorithm flexibly perceives targets of different scales while maintaining high accuracy and low error rates in complex
background scenarios. Finally, the algorithm designs a multi-scale feature fusion module to efficiently integrate multi-
level and multi-scale feature information, comprehensively capturing diverse representations of targets and further
enhancing model inference speed while meeting high-precision detection requirements. This fusion method
significantly enhances the algorithm's effectiveness in static image detection tasks. Experimental results on the RSOD
dataset demonstrate improvements in accuracy, recall, and mean average precision by 1.5%, 2.4%, and 2.4%,
respectively, compared to YOLOv7-tiny. Additionally, generalization validation on the NWPU VHR-10 and DOTA
datasets shows commendable results, with average precision mean values increasing by 3.0% and 1.3%, respectively,
compared to baseline models. These findings illustrate the algorithm's outstanding performance not only on the RSOD
dataset but also on datasets encompassing diverse types and scenes, highlighting its robust generalization capability.
Through comparative analysis with different algorithms, the superiority of the proposed algorithm's performance is
further underscored.

Liang L M, Chen K Q, Wang C B, et al. Remote sensing image detection algorithm integrating visual center mechanism
and parallel patch perception[J]. Opto-Electron Eng, 2024, 51(7): 240099; DOI: 10.12086/0ee.2024.240099
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