Advances in Applied Mathematics N %23t &, 2026, 15(4), 100-109 Hans X
Published Online April 2026 in Hans. https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2026.154140

KEFEEBEREGEEBFENLGIERREER
RERR

2 H
PRI KSR S Gk %6, TR M

Weks H . 20264F3H2H: HHEM: 202643 H26H; & A HM: 20265F4H7H

=

HFEBREBRORSDGREZBEHRELZER, WA EE B (SODRBEFESHEKXR. THERAE
HEBIAL%E BRI AR RSB ER IS SR, 400 RefE, R—RE—MA%s SHNRERER M
##7(EGLANet), SEHDLEEREREE BIFNERE. RERAKN. Z4E2 D MobileNet V3 AET
WA R ARV FAERE, el b BRI (CLOM S REFTERERML% S REEE)
R (EMSAM) 12 B U Z0 GAFE B SRS L % B, BAACLC. BiE1 x k/k x 13 AERKEREER
JIREER(MSAM) 45 614% 5| SHEH(EGM), Kh (5 BRI H bR 2 DU e AL B35 HAw; TR B
KA B3 XK (BCE) 532 L (IoU)IRAKR KA G TER, RN ARLEIRME H sk WS . EATFF
BREMREE H RN BIEEEORSSD R BT UL, HREU10F SeHEAUE XS LT &, MEkS e
BARRIEEAIMERE. G FRH, EGLANetSSHL 7 SHEMH1.75M, BF HIrRM R AR TH
BARR, ZECHERIREE R FNRATHERER, tEBREREE B FRURET —FRRNEEL
fRUTT R .

KT
HHBBER, REERN, LEHE, BRILNS

Exploration of a Lightweight Model for Edge
Enhancement for Salient Object Detection
in Optical Remote Sensing Images

Binbin Quan

School of Mathematics and Statistics, Guangdong University of Technology, Guangzhou Guangdong

Received: March 2, 2026; accepted: March 26, 2026; published: April 7, 2026

SCEG| A, SRR R BRI S i e B R RR SE ). S Bk i, 2026, 15(4): 100-109.
DOI: 10.12677/aam.2026.154140


https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2026.154140
https://doi.org/10.12677/aam.2026.154140
https://www.hanspub.org/

EWAH

Abstract

Optical Remote Sensing Images (ORSI) feature complex scenes and variable target scales. Existing
Salient Object Detection (SOD) models suffer from issues such as large parameter count, high com-
putational cost, or insufficient utilization of edge information, leading to blurred target edges. To
address these shortcomings, we propose an Edge-Guided Lightweight Attention Network (EGLANet)
to achieve high-precision and lightweight detection of salient objects in optical remote sensing im-
ages. This model utilizes MobileNet V3 as the backbone network to generate five-level primary fea-
ture maps. It first extracts four-level edge feature maps and fine edge maps through an Edge Multi-
Scale Attention Module (EMSAM) composed of a Cross-Layer Correlation (CLC) module and multi-
scale parallel convolution. Then, it integrates edge information into the target detection process
using a combination of CLC, a multi-scale attention module (MSAM) that fuses 1 x k/k x 1 grouped
convolution, and an Edge Guidance Module (EGM) to accurately locate salient objects. The loss func-
tion combines Binary Cross Entropy (BCE) and Intersection over Union (IoU) losses, simultaneously
constraining edge extraction and target detection tasks. Comparative experiments were conducted
on the public optical remote sensing image salient object detection dataset EORSSD, selecting 10
advanced models as benchmarks to verify the model performance from both qualitative and quan-
titative perspectives. The experimental results show that EGLANet achieves superior salient object
detection performance with only 1.75 M parameters, improving computational efficiency while
maintaining detection accuracy, providing an efficient and lightweight solution for salient object
detection in optical remote sensing images.
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Figure 1. Model framework diagram
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Figure 6. Comparison of significant target prediction maps from different models. (a) Optical remote sensing image; (b) true
label; (¢) EGLANet; (d) SAFINet; (e) CorrNet; (f) ERPNet-R; (g) DAFNet-R
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Table 1. Quantitative evaluation results of different models. Note that “1” (| ”) indicates that a higher (lower) value indicates
better performance, and the optimal value in each column has been bolded

%1 ARRANESFERESR. FEE, 17 (VOHRTFREER@EERSL, WIMEIRAEEmE

Sm? adpFm? meanFm?1 maxFm? IoU? MAE|

VOS 0.5083 0.1843 0.2115 0.2776 0.2034 0.2096
SMFF 0.5405 0.2089 0.3011 0.5208 0.3935 0.1434
CMC 0.5800 0.2009 0.2696 0.3272 0.2365 0.1057
LVNet 0.8644 0.6306 0.7356 0.7824 0.6734 0.0145
DAFNet-R 0.9184 0.6522 0.7980 0.8734 0.7765 0.0053
DAFNet-V 0.9166 0.6423 0.7842 0.8612 0.7702 0.0060
ERPNet-R 0.9252 0.7170 0.8269 0.8743 0.8045 0.0082
ERPNet-V 0.9210 0.7554 0.8304 0.8632 0.7887 0.0089
CSNet 0.8364 0.6319 0.7656 0.8341 0.7436 0.0169
SAMNet 0.8622 0.6114 0.7214 0.7813 0.6671 0.0132
CorrNet 0.9291 0.8322 0.8591 0.8778 0.8051 0.0084
SAFINet 0.9267 0.8575 0.8710 0.8799 0.8015 0.0065
EGLANet 0.9301 0.8468 0.8666 0.8827 0.8074 0.0061
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