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Abstract

Salient object detection (SOD) aims to locate the most visually attractive regions in complex scenes
and serves as a crucial preprocessing step for image segmentation and object recognition. To ad-
dress the limitations of existing extremely-downsampled networks (EDN), including redundant
deep downsampling, inefficient multi-scale feature fusion, and weak boundary representation, this
paper proposes a Lightweight Boundary-aware EDN (LB-EDN). Specifically, we design a Lightweight
Extremely-Downsampled Block (Light-EDB) to retain high-level semantic information while reducing
computational cost; introduce Group Scale-Correlated Pyramid Convolution (Group-SCPC) for efficient
multi-scale feature modeling; develop a Light Boundary Attention (LBA) module to enhance boundary
clarity and structural alignment; and perform channel compression and module light-weighting in
the decoder. Extensive experiments on six public datasets demonstrate that LB-EDN achieves only
1.73 M parameters and 2.04 G FLOPs, while delivering strong performance. On DUTS-TE, it achieves
Max Fs 0.8521, MAE 0.0472, S-measure 0.9513, and E-measure 0.9436, showing clear improvements
over the original EDN-Lite. These results validate the effectiveness of LB-EDN in structural consistency,
boundary clarity, and lightweight deployment, making it suitable for resource-constrained edge de-
vices.
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Figure 1. The overall architecture of LB-EDN
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Figure 2. Lightweight EDB Module
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Hrb, clamp BRECKHNEPRSIZE 0 2 1 28], 5 Sigmoid BEUAIEL, Hard Sigmoid bR+ 50 5 5 4,
G AR S EERE, R S IS B () i v DL 2 AN .
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Figure 3. Group-SCPC module
3. HAREREXEFHEEIR(Group-SCPOIRIRE

N TR RPN, ARSCR T POBRIRZE RN - B> 70 ST A & T AL B AR 4
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BJa, W R E S N IE ARSI I A NRAE ], SRS 5R 5 R RE R . XM iR R

W I B2 R SR 73 SOR I o
U, AN T REUEE

DOI: 10.12677/csa.2026.167253 218 TFEARY 5N H


https://doi.org/10.12677/csa.2026.167253

5
:
petu
5
=t

REMBE S B EVH S IR AL, () IR R B BRARRFAE 15 8

WA  ——»  1x1 Conv
(CxHxW) i |
BN, ReLU
|
1x1 Conv
i | '
| Sigmoid |
\J
AR IE
(1xHxW)

fih
(CxHxW)

Figure 4. LBA module
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PASCAL-S[33]: % 850 5k[&1%, KE PASCAL VOC ¥4, & ZMIEHH HEx.
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4.2. VEfIEHR

A SCR T WO AN 8 FH B0 S 3 A MUV i, 20 il o«

B FAEMax Fjy): S5A TR 1% (Precision) M 7 [1] % (Recall) (4R b5, EBOCHLT. F{EAITHE
/L\\ﬁﬂﬂ

(1 + ) -Precision - Recall

5=

/3 - Precision + Recall

Hep, WENO03, LLEEMERR, WL 0 3 255 208 RE, HHEITABRE K FE, B
KAEAE N Max Fyo

SERAE TR ZE(MAE): i s il 5 BE R 2 AR R R danbim 22, [EB/NREF . MAE iR A
HN:

1 N
MAE =— —g
N;|P, gl|

He, NABERLSE, p, AT, g NEAE.
Sl K 5 (S-measure):  [F]IS PPAl XIS R4 RINT SR A5 R (R AHALIYE , 8 0% B o b g ity 0] 245 SR 1) 48 A4 25
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P, pompmp s g=gi— s g B A BT R A E A
43. LEE

ASCHISZIR ISy AMD R5 4600H CPU, NVIDIA GTX 1650 4 GB GPU, #:4F %4ty Windows 11,
TRBE % 2JHESL N PyTorch 1.12.0,

ISR 2, {#/H DUTS-TR B EME NI, ZEIRER T 10,553 kKGR BN FRIT
BENLEET . 2 RUSSRE SR G s %, DR R R 2 ALRE 7). N BB K/ 320 x 320, #tt&E K/
N8, BEERBUSECN 6, ARHALEKRINA 48, MALE KA Adam, WIHFIHN 2.0e, H T ML M
SJENBAR S 2 B 1/5, SR H poly % ) ZEIEIANE , FaECHN 0.9, WIZREFEET 40 &, AU RN Ses

MR FE S, S NEEER T EDN-LiteEX &y 224 x 224 41, H A K/ k384 x 384, #itEA/INA 8.
H G ITE K GTX 1650 GPU kAT,  HESUE BT A MK & (1 -F 41 i = (FPS) .

4.4. 5[&1 EDN-Lite BIXJEL
NT AR ST ERA S, E 58 554G EDN-Lite #4177 XFEL, 45 R0 1 Fios.

Table 1. Performance comparison with the original EDN-Lite

%% 1. 554 EDN-Lite ByREXTEL

DUTS-TE
Pikes ZHEM) F, DUTS-TE MAE DUTS-TE S, DUTS-TE E, FPS
BASNet 87 0.804 0.075 0.822 0.875 3.8
EDN-LiteEX
(224 * 224) 1.80 0.836 0.051 0.848 0.903 37.6
EDN-Lite 1.80 0.856 0.045 0.907 0.902 37.1
LB-EDN (4 ) 1.73 0.852 0.047 0.951 0.944 36.7

M1 TR R, ASCHEE A LB-EDN M EE S H &)/ 4%. FLOPs #/b 3% BN T, thiF T 5
JE 46 EDN-Lite #1241 Max F, A1 MAE F8FR, T S-measure Fl E-measure 2) A2 T T 4.4%F1 4.2%. FH
ARSCHE 2 R 3 SRR E A I I R R RS LR, B BT ORI 4 B 1) 4t A o AN T I

Figure 5. Comparison of saliency detection results
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w5 MEBIARIN: FNJRE L 5 EDN BAG I S5 R . A ST MobileNetV2 %2 &1k EDN
ARG EE R . I BRI R 58 B W& FREAR. TR, A CHARIER SRR, A 3
Bl a1 R, TER RS R0 B AR I B AR E
4.5. 5HMIFE RS ERNITEE

R T BB IR AR SO R AR R, 5 A S VR A B PRSI VA AT T B, BRRE G A R
s, AR 2 iR,

Table 2. Performance comparison with other state-of-the-art methods

2. SRAMIERGENOMERENEL

Jyi A ZHEM) DUTS-TE F,  DUTS-TEMAE  DUTS-TE &,
DSS-VGG 2017 62.23 0.813 0.065 0.826
PoolNet 2019 68.26 0.874 0.040 0.883
BASNet 2019 87.06 0.859 0.048 0.865

CPD 2019 47.85 0.865 0.043 0.869
EGNet 2020 111.69 0.878 0.039 0.886
EDN-Lite 2022 1.80 0.856 0.045 0.907

LB-EDN (A1) 2026 1.73 0.852 0.047 0.951

MF 2 WTLLEH, ARSCHIELE S-measure $Ebs BB ER T HANTE L, BFESHET KT AH
KR (B BASNet. PoolNet %5). 5JE# EDN-Lite #HEL, A7 fE R FA 21T 582 24 B (K FI R, S-
measure 3¢+ T 4.4 NE . REHARONELEL MR T HEA BERS, S T8RSN R4
P
4.6. jHR4SELE

N T BAESANEIHT A TR, ASCHET T RSE:, A5 RN 3 FoR. SERBLR 4G EDN-Lite F 3
4.

Table 3. Ablation study results
3. HRLSLIOLER

SHE FLOPs DUTS-TE DUTS-TE DUTS-TE DUTS-TE

ik M) ) F, MAE S, E,
3£ (14 EDN-Lite) 1.80 2.10 0.856 0.045 0.907 0.902
+Light-EDB + Group-SCPC 173 2.03 0.860 0.045 0.951 0.950
*Light-EDB + Group-SCPC + 173 2.04 0.852 0.047 0.951 0.944

LBA

M 3 FTLAEME H, A SCHR R S BPE BB RN, SR T B EmLM
Ji 0 R
TERLAEAL 5] N Light-EDB 5 Group-SCPC Ji5, HEASHE M 1.80 M %% 1.73M, FLOPs M 2.10
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ke, &z

G % 2.03G, SKIUREAS; RN OIRPRRIRIRTE, F, #2712 0.860, S, 2Tt 4.4 MR E,
Tt 48 DE R, Bk TREA TR A MRS Bire BE R, SRS TR
ARSI, RESEILH w20 2 R AERL £ -

PR LBA I FHE RIS, BB HE 5 HBREA RN, S, 4ERFE 0.951 Mtk
o Fys EHHBUNERE. MAE B8 ETF, 2 ARGIE AR ARG A, R [ B A G 2 R A
PERE. RIS, LBA BEHCATEF XTI 5l A DS R AE R N, 5 B PP A BRI IR LA, 9T J5 )
WA ARG T ARG N TRAEARTNEEZ AN AT RS EiotERE, JA/E DUTS-TE. DUT-
OMRON %5 6 S HER R4 AT 7980, BARTRRREE R 4 Jrs.

Table 4. Metric testing on the complete dataset
4. TTEBIEEERNL

Dataset F B MAE S, Ef
DUTS-TE 0.8521 0.0472 0.9513 0.9436
DUT-OMRON 0.7891 0.0608 0.9503 0.9126
HKU-IS 0.9239 0.0334 0.9560 0.9662
ECSSD 0.9316 0.0424 0.9582 0.9601
SOD 0.8470 0.1088 0.9310 0.8656
PASCAL-S 0.8498 0.0747 0.9490 0.9218

AR S, AR =M TAF, Light-EDB 5 Group-SCPC 5 &AL T 2 5 RERRTT,
LBA Nt —5 5k i AL RIS, ST E /NG EIFA T, SCL 70T FE 2R 1 45 M s n 55 30 1
T fE .

4.7. &RV

MAEAR SIS 25 kT, ARSI VEAE S5 K ] 5 25 46 (0 ECSSD. HKU-IS) BRI R, TER
A SRS SOD) FATFEE— g et A . X FEEZ T SOD H¥a A & RS AR LU FE L Ry ™ 5
e, BRSO BAAERE T, A ONEM LT B BEIHE X e 5 IR IA R . ARkaT
WG/ E T BN MZESE G, AR EEE R TS

BEAh, ACTTER Max F, Ml MAE 48455 Ji4f EDN-Lite #124, 10 S-measure fl E-measure #5475 %
FITt. XK Max F, 1 MAE T2 TH AT 5 SHBARL D e MG R BIKEELER R E, K
SCI BT A R 5 M R S, A SO AR R I S S 4y, PRI IX P AR AR AR AN K T S-measure
Al E-measure 3 EH 8 45 0 S5 A2 BEFIA FHEMIRE, A SCHEH I LBA it 713858 112 5 DX I 1) ARk i
[, Light-EDB #ERORER T 5 5 B = )2 450005 5, BILIX AN EFR1E 2] T 252 Tt

5. &t

AR T i R A I TR R R SKAE RN 2% LB-EDN, 415 HIAT EDN J7 15 7775 ) AR i) 238 38 T
R WG BFRIEA B UL 2 RERHE A SRR S ), %11 T Light-EDB. Group-SCPC 1 LBA —
AMZOHREH . Light-EDB B BR T IR T RFEZ, RE T HE S8 &)Z1E 45 E; Group-SCPC
Bl HAER R D T 2 REERHMERIE IITHR TR LBA B DB T SARH S 2 i 13 F7 X ek
(A 1 9

DOI: 10.12677/csa.2026.167253 223 TFEARY 5N H


https://doi.org/10.12677/csa.2026.167253

7
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Cy
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FENASPRAE R B VER ISR 4 B SEIREs KRR, A SONEAE SRIF IR S R 2 NI, FES5 1

AP FEUS T R ERTE, LT AR SR RIFPlT . ASCTiRNSEE(UCN 1.73 M, FLOPs A
2.04 G, {£ DUTS-TE #(4E4E I [#] S-measure 1 E-measure 43 B3iAF] 0.9513 1 0.9436, 544 EDN-Lite 43
T 4.4%F0 4.2%., SEIGEE RIGUE T AR CIiEA &k, RHESERIEZIRAIL% & LilE.

RRIAERE LT =ATT T — Rt — P IRE R I S 3807 1%, ST e 5t R

WA S RE /1 — W TR BB EOR, 8 — PR KT R RN, =R A
SOOI Jee BN 22 VARG I A0, A2 SIS LA B (9 75 5K

SE

(1]

(2]

[10]

[11]

[12]

[13]
[14]

[15]

[16]

[17]

Cheng, M. and Fan, D. (2021) Structure-Measure: A New Way to Evaluate Foreground Maps. International Journal of
Computer Vision, 129, 2622-2638. https://doi.org/10.1007/s11263-021-01490-8

Fan, D., Gong, C., Cao, Y., Ren, B., Cheng, M. and Borji, A. (2018) Enhanced-Alignment Measure for Binary Foreground
Map Evaluation. Proceedings of the Twenty-Seventh International Joint Conference on Artificial Intelligence, Stockholm,
13-19 July 2018, 698-704. https://doi.org/10.24963/ijcai.2018/97

Achanta, R., Hemami, S., Estrada, F. and Susstrunk, S. (2009) Frequency-Tuned Salient Region Detection. 2009 /[EFEE
Conference on Computer Vision and Pattern Recognition, Miami, 20-25 June 2009, 1597-1604.
https://doi.org/10.1109/cvpr.2009.5206596

Ma, Y.F., Hua, X.S., Lu, L. and Zhang, H.J. (2005) A Generic Framework of User Attention Model and Its Application
in Video Summarization. /[EEE Transactions on Multimedia, 7, 907-919. https://doi.org/10.1109/tmm.2005.854410

Saporta, A., Gui, X., Agrawal, A., ef al. (2022) Benchmarking Saliency Methods for Chest X-Ray Interpretation. Nature
Machine Intelligence, 4, 867-878. https://doi.org/10.1038/s42256-022-00536-x

Itti, L., Koch, C. and Niebur, E. (1998) A Model of Saliency-Based Visual Attention for Rapid Scene Analysis. /[EEE
Transactions on Pattern Analysis and Machine Intelligence, 20, 1254-1259. https://doi.org/10.1109/34.730558

Harel, J., Koch, C. and Perona, P. (2007) Graph-Based Visual Saliency. In: Schélkopf, B., Platt, J. and Hofmann, T., Eds.,
Advances in Neural Information Processing Systems 19, The MIT Press, 545-552.
https://doi.org/10.7551/mitpress/7503.003.0073

Martin, D.R., Fowlkes, C.C. and Malik, J. (2004) Learning to Detect Natural Image Boundaries Using Local Brightness,
Color, and Texture Cues. IEEE Transactions on Pattern Analysis and Machine Intelligence, 26, 530-549.

https://doi.org/10.1109/tpami.2004.1273918

Hou, Q., Cheng, M., Hu, X., Borji, A., Tu, Z. and Torr, P. (2017) Deeply Supervised Salient Object Detection with Short
Connections. 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Honolulu, 21-26 July 2017,
5300-5309. https://doi.org/10.1109/cvpr.2017.563

Qin, X.B., Zhang, Z.C., Huang, C.Y., Dehghan, M., Zaiane, O.R. and Jagersand, M. (2020) U2-Net: Going Deeper with
Nested U-Structure for Salient Object Detection. Pattern Recognition, 106, Article ID: 107404.
https://doi.org/10.1016/j.patcog.2020.107404

He, Y., Zhang, X. and Sun, J. (2017) Channel Pruning for Accelerating Very Deep Neural Networks. 2017 IEEE Inter-
national Conference on Computer Vision (ICCV), Venice, 22-29 October 2017, 1398-1406.
https://doi.org/10.1109/iccv.2017.155

Courbariaux, M., Hubara, 1., Soudry, D., et al. (2016) Binarized Neural Networks: Training Deep Neural Networks with
Weights and Activations Constrained to +1 or -1. arXiv: 1602.02830.

Hinton, G., Vinyals, O. and Dean, J. (2015) Distilling the Knowledge in a Neural Network. arXiv: 1503.02531.

Sandler, M., Howard, A., Zhu, M., Zhmoginov, A. and Chen, L. (2018) MobileNetV2: Inverted Residuals and Linear
Bottlenecks. 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition, Salt Lake City, 18-23 June 2018,
4510-4520. https://doi.org/10.1109/cvpr.2018.00474

Zhang, X., Zhou, X., Lin, M. and Sun, J. (2018) ShuffleNet: An Extremely Efficient Convolutional Neural Network for Mo-
bile Devices. 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition, Salt Lake City, 18-23 June 2018,
6848-6856. https://doi.org/10.1109/cvpr.2018.00716

Wu, Y., Liu, Y., Zhang, L., Cheng, M. and Ren, B. (2022) EDN: Salient Object Detection via Extremely-Downsampled
Network. /IEEE Transactions on Image Processing, 31, 3125-3136. https://doi.org/10.1109/tip.2022.3164550

Long, J., Shelhamer, E. and Darrell, T. (2015) Fully Convolutional Networks for Semantic Segmentation. 2015 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR), Boston, 7-12 June 2015, 3431-3440.

DOI: 10.126

77/csa.2026.167253 224 TFEARY 5N H


https://doi.org/10.12677/csa.2026.167253
https://doi.org/10.1007/s11263-021-01490-8
https://doi.org/10.24963/ijcai.2018/97
https://doi.org/10.1109/cvpr.2009.5206596
https://doi.org/10.1109/tmm.2005.854410
https://doi.org/10.1038/s42256-022-00536-x
https://doi.org/10.1109/34.730558
https://doi.org/10.7551/mitpress/7503.003.0073
https://doi.org/10.1109/tpami.2004.1273918
https://doi.org/10.1109/cvpr.2017.563
https://doi.org/10.1016/j.patcog.2020.107404
https://doi.org/10.1109/iccv.2017.155
https://doi.org/10.1109/cvpr.2018.00474
https://doi.org/10.1109/cvpr.2018.00716
https://doi.org/10.1109/tip.2022.3164550

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

https://doi.org/10.1109/cvpr.2015.7298965

Guanbin Li, and Yu, Y. (2015) Visual Saliency Based on Multiscale Deep Features. 2015 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), Boston, 7-12 June 2015, 5455-5463.
https://doi.org/10.1109/cvpr.2015.7299184

Zhao, H., Shi, J., Qi, X., Wang, X. and Jia, J. (2017) Pyramid Scene Parsing Network. 2017 IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR), Honolulu, 21-26 July 2017, 6230-6239.
https://doi.org/10.1109/cvpr.2017.660

Chen, L., Papandreou, G., Kokkinos, I., Murphy, K. and Yuille, A.L. (2018) DeepLab: Semantic Image Segmentation
with Deep Convolutional Nets, Atrous Convolution, and Fully Connected CRFs. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 40, 834-848. https://doi.org/10.1109/tpami.2017.2699184

Liu, J., Hou, Q., Cheng, M., Feng, J. and Jiang, J. (2019) A Simple Pooling-Based Design for Real-Time Salient Object
Detection. 2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Long Beach, 15-20 June 2019,
3912-3921. https://doi.org/10.1109/cvpr.2019.00404

Liu, N, Han, J. and Yang, M. (2018) PiCANet: Learning Pixel-Wise Contextual Attention for Saliency Detection. 2018
IEEE/CVF Conference on Computer Vision and Pattern Recognition, Salt Lake City, 18-23 June 2018, 3089-3098.
https://doi.org/10.1109/cvpr.2018.00326

Chen, S., Tan, X., Wang, B. and Hu, X. (2018) Reverse Attention for Salient Object Detection. In: Ferrari, V., Hebert, M.,
Sminchisescu, C. and Weiss, Y., Eds., Computer Vision—ECCV 2018, Springer, 236-252.
https://doi.org/10.1007/978-3-030-01240-3_15

Liu, N., Han, J. and Yang, M.H. (2019) BASNet: Boundary-Aware Salient Object Detection. 2019 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition, Long Beach, 15-20 June 2019, 7479-7489.

Wang, T., Borji, A., Zhang, L., Zhang, P. and Lu, H. (2017) A Stagewise Refinement Model for Detecting Salient Objects
in Images. 2017 IEEE International Conference on Computer Vision (ICCV), Venice, 22-29 October 2017, 4039-4048.
https://doi.org/10.1109/iccv.2017.433

Zhao, J., Liu, J., Fan, D., Cao, Y., Yang, J. and Cheng, M. (2019) EGNet: Edge Guidance Network for Salient Object
Detection. 2019 [EEE/CVF International Conference on Computer Vision (ICCYV), Seoul, 27 October-2 November 2019,
8778-8787. https://doi.org/10.1109/iccv.2019.00887

Wu, Z., Su, L. and Huang, Q. (2019) Cascaded Partial Decoder for Fast and Accurate Salient Object Detection. 2019
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Long Beach, 15-20 June 2019, 3902-3911.
https://doi.org/10.1109/cvpr.2019.00403

Li, G. and Yu, Y. (2016) Deep Contrast Learning for Salient Object Detection. 2016 [EEE Conference on Computer
Vision and Pattern Recognition (CVPR), Las Vegas, 27-30 June 2016, 478-487. https://doi.org/10.1109/cvpr.2016.58

Yang, C., Zhang, L., Lu, H., Ruan, X. and Yang, M. (2013) Saliency Detection via Graph-Based Manifold Ranking.
2013 [EEE Conference on Computer Vision and Pattern Recognition, Portland, 23-28 June 2013, 3166-3173.
https://doi.org/10.1109/cvpr.2013.407

Li, Y., Hou, X., Koch, C., Rehg, J.M. and Yuille, A.L. (2014) The Secrets of Salient Object Segmentation. 2014 /[EEE
Conference on Computer Vision and Pattern Recognition, Columbus, 23-28 June 2014, 280-287.
https://doi.org/10.1109/cvpr.2014.43

Yan, Q., Xu, L., Shi, J. and Jia, J. (2013) Hierarchical Saliency Detection. 2013 /EEE Conference on Computer Vision
and Pattern Recognition, Portland, 23-28 June 2013, 1155-1162. https://doi.org/10.1109/cvpr.2013.153

Movahedi, V. and Elder, J.H. (2010) Design and Perceptual Validation of Performance Measures for Salient Object
Segmentation. 2010 /[EEE Computer Society Conference on Computer Vision and Pattern Recognition—Workshops, San
Francisco, 13-18 June 2010, 49-56 https://doi.org/10.1109/cvprw.2010.5543739

Li, X., Lu, H., Zhang, L., Ruan, X. and Yang, M. (2013) Saliency Detection via Dense and Sparse Reconstruction. 2013
1IEEE International Conference on Computer Vision, Sydney, 1-8 December 2013, 2976-2983.
https://doi.org/10.1109/iccv.2013.370

DOI: 10.12677/csa.2026.167253 225 TFEARY 5N H


https://doi.org/10.12677/csa.2026.167253
https://doi.org/10.1109/cvpr.2015.7298965
https://doi.org/10.1109/cvpr.2015.7299184
https://doi.org/10.1109/cvpr.2017.660
https://doi.org/10.1109/tpami.2017.2699184
https://doi.org/10.1109/cvpr.2019.00404
https://doi.org/10.1109/cvpr.2018.00326
https://doi.org/10.1007/978-3-030-01240-3_15
https://doi.org/10.1109/iccv.2017.433
https://doi.org/10.1109/iccv.2019.00887
https://doi.org/10.1109/cvpr.2019.00403
https://doi.org/10.1109/cvpr.2016.58
https://doi.org/10.1109/cvpr.2013.407
https://doi.org/10.1109/cvpr.2014.43
https://doi.org/10.1109/cvpr.2013.153
https://doi.org/10.1109/cvprw.2010.5543739
https://doi.org/10.1109/iccv.2013.370

	一种轻量化边界感知的极限下采样显著性目标检测网络
	摘  要
	关键词
	A Lightweight Boundary-Aware Extreme Downsampling Network for Salient Object Detection
	Abstract
	Keywords
	1. 引言
	2. 相关工作
	2.1. 基于深度学习的显著性目标检测
	2.2. 轻量化显著性目标检测
	2.3. 边界感知显著性目标检测

	3. 本文方法
	3.1. 整体网络架构
	3.2. 轻量极限下采样模块(Light-EDB)
	3.3. 分组尺度相关金字塔卷积(Group-SCPC)
	3.4. 轻量边界注意力模块(LBA)
	3.5. 损失函数

	4. 实验
	4.1. 数据集
	4.2. 评价指标
	4.3. 实验设置
	4.4. 与原始EDN-Lite的对比
	4.5. 与其他主流方法的对比
	4.6. 消融实验
	4.7. 结果讨论

	5. 结论
	参考文献

