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Abstract: To address the information loss induced by downsampling in image semantic segmentation tasks, as well
as the widespread limitations of existing upsampling methods: such as inadequate global perception, blurred fine-grained re-
construction, unstable generation processes, and redundant information handling in various scenarios, this paper proposes a
lightweight semantic segmentation model, DFRNet, which incorporates a physics-inspired diffusion-focusing mechanism.
Specifically, inspired by the surface tension of liquids, the model introduces a diffusion-focusing mechanism and designs a
dynamic context window selection (DWS) module to optimize information flow, thereby implementing the physics-inspired
energy propagation upsampling (PIEPU) framework. PIEPU comprises three core modules: diffusion, focusing, and regula-
tion. These modules collaboratively enhance global contextual propagation, critical region feature reinforcement, and opti-
mized information flow, thereby significantly improving fine-grained perception and semantic consistency across complex

scenarios. Extensive experiments conducted on 14 datasets covering 7 semantic categories demonstrate that DFRNet consis-
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tently achieves superior performance over state-of-the-art methods in terms of mean intersection over union (mloU), F,

score, and Accuracy. Specifically, mloU improvements range from 0.165% to 4.259%, F, score gains span 0.140% to

2.888%, and Accuracy enhancements vary from 0.035% to 1.386% across diverse datasets. These results validate the robust-

ness and generalization capability of the proposed approach. Notably, DFRNet has a model size of only 3.34 MB, making it

suitable for lightweight real-time applications.
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PSPNet''” 53.32 85.328 92.027 92.113 91.948 98.350 82.082 90.159 89.443 90.887 97.208
MEW UNet*” 140.27 84.005 91.253 91.008 91.509 98.099 81.426 89.762 88.189 91.393 97.122
UNetV2™! 25.15 78.571 87.855 87.907 87.828 97.427 76.630 86.769 85.108 88.495 96.287
PIDNet-S™*! 7.62 82.549 90.356 89.802 90.950 97.989 80.074 88.935 88.294 89.584 96.857
DDRNet-23-8%* 5.70 82.286 90.201 89.518 90.924 97.963 79.568 88.622 87.271 90.015 96.794
ACC-UNet*™"! 4.26 83.976 91.234 91.252 91.227 98.111 77.404 87.263 84.785 89.891 96.460
Ours 3.34 87.365 93.203 92.672 93.756 98.595 82.598 90.470 89.480 92.353 97.303

25 TR, AR SC AT 4R A9 DFRNet 78 IR 7284F 5%
B PE 6 A KR4 R B R T, R H L Ry
RYES Iz L RE 1T . 5 R ZEO AU 2-3 K145 e

HER ML AN A, DERNet 7 5 2 28 54T 55 s #f AR f3 A
e TR A S O R AR AR . TR
F 0 SR R B2 AT 23 1 45 AR AR U-Net P B AR v 5 71



1762 FH, I % 7 2025 4F
R3 EFLEBUIRE LMERIENSBIERX
- Param/ME Synapse Multi-organ Segmentation/% ACDC/%
mlou | F, T |Recall T | Precision? | Acc? | mlou? F, T |Recall T | PrecisionT | Acc?
U-Net"”! 7.76 78.185 | 87.010 | 86.185 87.979 | 94.050 | 84.409 | 91.399 | 90.564 | 92.269 91.103
DeepLab-V3'" 54.60 83.675 | 90.744 | 89.116 | 92514 | 99.699 | 85.699 | 92.181 | 92.141 92.223 99.477
SegNet"”! 29.45 72771 | 82.457 | 78.171 88.921 99.557 | 83.784 | 91.018 | 90.711 91.341 99.400
FCN"™ 32.95 82.547 | 90.093 | 90.125 90.115 99.649 | 85363 | 91.978 | 91.218 | 92.764 | 99.481
PSPNet"” 53.32 83.074 | 90.300 | 90.709 89.926 | 99.687 | 86.421 | 92.613 | 93.614 | 91.681 99.503
MEWUNet"”! 14027 | 81.746 | 89.362 | 87.621 91.287 | 99.683 | 81.635 | 89.712 | 90.436 | 89.030 | 99.313
UNetV2™! 25.15 68.226 | 79.596 | 77.773 81.682 | 99.415 | 49.026 | 64.794 | 60.922 | 69.349 97.660
PIDNet-S** 7.62 80.201 | 88.494 | 89.372 | 87.762 | 99.623 | 84.213 | 91.304 | 91.494 | 91132 | 99.422
DDRNet-23-5* 5.70 79.584 | 88.057 | 87.510 | 88.684 | 99.620 | 83.481 | 90.864 | 90.224 | 91.523 99.388
ACC-UNet™ 4.26 82.328 | 89.908 | 90.519 89.340 | 99.681 | 74.068 | 84.719 | 84.115 85.484 | 99.047
Ours 3.34 87.934 | 93402 | 92.854 | 939838 | 99.766 | 86.974 | 92.952 | 93.949 | 92993 | 99.547
R4 EMFRYEE LNBERIELSBERIL
2018 Data science bowl/% F-C2DL-HSC/%
R Param/MB
mlou T F, 7 |Recall T | Precision? | Acc? | mloul F, 1 |Recall T | Precision | | Acc?
U-Net!” 7.76 86.693 | 92.872 | 92247 | 93.506 | 92.247 | 90.213 | 94.854 | 95.644 | 94.078 95.644
DeepLab-V3!" 54.60 84.041 | 91.328 | 90.705 91.960 | 90.705 | 77.580 | 87.375 | 92.336 | 82.919 92.336
SegNet!" 29.45 82.195 | 90.227 | 92.546 88.022 | 92.546 | 75.795 | 86.231 | 88.246 | 84.305 88.246
FCN® 32.95 75.691 | 86.164 | 85.174 | 87.177 85.174 | 65.167 | 78.910 | 82.657 | 75.489 82.657
PSPNet"” 53.32 79.325 | 88.470 | 88.649 88.293 96.428 | 78.829 | 88.161 | 93.207 83.634 | 93.207
MEWUNet"” 14027 | 84.416 | 91.550 | 90.434 | 92.693 90.434 | 81.604 | 89.870 | 91.686 | 88.124 | 91.686
UNetv2™! 25.15 83.281 | 90.878 | 90.404 | 91.357 | 90.404 | 75.398 | 85.973 | 90.496 | 81.881 90.496
PIDNet-S** 7.62 74.396 | 85.318 | 84.129 86.542 84.129 | 64.568 | 78.470 | 80.817 | 76.255 80.817
DDRNet-23-S" 5.70 74.826 | 85.601 | 85.311 85.893 85.311 | 64.918 | 78.727 | 81.949 | 75750 | 81.949
ACC-UNet™ 4.26 85.668 | 92.281 | 91.183 93.405 91.183 | 90.401 | 94.958 | 95396 | 94.524 | 95.396
Ours 3.34 87.891 | 94.093 | 92.720 | 93.845 | 96.720 | 90.654 | 95.098 | 96.423 | 93.809 | 96.423
K5 EREHESE FHEIEXSRE R
A 2021LoveDA/% WHU Building Dataset - Aerial Imagery/%
e Param/MB
mlou T F, 1 | Recall T | Precision? | Acc? | mlou T F, 1 | Recall T | Precision T | Acc!
U-Net” 7.76 60.075 | 75.048 | 74.930 | 75306 | 77.270 | 87.198 | 93.161 | 92.358 | 93.979 92.358
DeepLab-V3!" 54.60 56.795 | 71.734 | 70.954 | 72904 | 75963 | 84.569 | 91.640 | 90.302 | 93.017 90.302
SegNet"” 29.45 53.695 | 68.886 | 66.940 | 71.413 73.662 | 82.176 | 90.216 | 88.377 | 92.134 | 88.377
FCN™ 32.95 59.615 | 74.199 | 73.085 75.495 77.857 | 79.895 | 88.824 | 88.240 | 89.416 | 88.240
PSPNet!"”! 53.32 62.960 | 76.858 | 76.617 | 77.149 | 79.771 | 85364 | 92.104 | 91.536 | 92.679 91.536
MEW UNet!"” 14027 | 57.550 | 72.431 | 71.641 73506 | 75.497 | 86.524 | 92.775 | 91.914 | 93.653 91.914
UNetV2™! 25.15 54.019 | 69.291 | 68.379 | 70.562 | 72.914 | 82.545 | 90.438 | 88.942 | 91.986 | 88.942
PIDNet-S** 7.62 52.718 | 68.088 | 65.228 | 71.921 71.574 | 78.535 | 87.977 | 87.344 | 88.619 87.344
DDRNet-23-S"* 5.70 55.492 | 70.630 | 68.405 73.132 | 72765 | 78.837 | 87.664 | 86.442 88.922 86.442
ACC-UNet™ 4.26 56.548 | 71.530 | 69.611 73.897 | 74.524 | 87.695 | 93.444 | 92.959 | 93.934 | 92.959
Ours 3.34 63.125 | 79.746 | 78.856 | 79.254 | 79.931 | 89363 | 94.383 | 93.938 | 94.832 | 93.938

Fuse F#1E Fl & B A0 Bk BR 3% 422 , LA &2 PIEPU [ RAEERAR

¥ B AR DWS BHUACIE 45 BUA 1 2RI AE sms:
JIt LAA SCREHL 2400 {Uh 3.34 MBS AR T Ho Al A7

A

HARH , mlou 2 7 5t A5 81 4 Jay 43 1 Mk RE AU A% 0 98

P, R TR R WA SO R AR i $1E 42 J BT SCfE O T
BA R E MR TE mlou X — KRR IR b, A SCHR AR

[BE A2 Synapse Multi-organ Segmentation ¥ 5 5 14 mlou



% o6 M KIS DFRNet : {54 -5 SR ) BB (41 L0 BIRERUBIE 5T 1763
Ro BERAEBURE LMEEIE NS BIE R L%
- Param/ME TP-dataset/% KITTI Road Detection/%
mlou | F, T |Recall | | Precision? | Acc? | mlou? F, T |Recall T | PrecisionT | Acc?
U-Net"”! 7.76 85.051 | 91.922 | 92204 | 91.642 | 92.204 | 81.700 | 89.928 | 90.670 | 89.199 | 90.670
DeepLab-V3'" 54.60 82.965 | 90.689 | 87.485 | 94.137 | 87.485 | 87.929 | 93.577 | 94.683 | 92496 | 94.683
SegNet"”! 29.45 60.298 | 75.233 | 65.534 | 88300 | 65.534 | 84.099 | 91.363 | 90.121 92.639 | 90.121
FCN"™ 32.95 78.171 | 87.748 | 85.164 | 90.494 | 85.164 | 88.013 | 93.624 | 93.940 | 93311 93.940
PSPNet"” 53.32 90.478 | 95.001 | 94.181 95.836 | 94.181 | 89.683 | 94.561 | 94.416 | 94707 | 94.416
MEWUNet"”! 14027 | 80.973 | 89.486 | 90.210 | 88.774 | 90.210 | 85.549 | 92212 | 94.327 | 90.190 | 94.327
UNetV2™! 25.15 68.649 | 81.410 | 76.506 | 86.986 | 76.506 | 76.949 | 86.973 | 87.387 | 86.563 87.387
PIDNet-S** 7.62 79.847 | 88.794 | 87.149 | 90.503 87.149 | 84.330 | 91.499 | 89.801 93.262 | 89.801
DDRNet-23-5* 5.70 80.473 | 89.180 | 86.265 | 92299 | 86.265 | 85.460 | 92.160 | 92.467 | 91.855 92.467
ACC-UNet™ 4.26 86.041 | 92497 | 91.336 | 93.688 | 91.336 | 85.970 | 92.456 | 92.403 | 92508 | 92.403
Ours 3.34 91.383 | 95951 | 93.587 | 96.794 | 95567 | 90.290 | 94.897 | 94.926 | 94.869 | 94.926
£7 AHRRLHIEE LHOBRRIEN S E R
o Param/MB LuSNAR/% N T HEREEW%
mlou T F, 7 |Recall T | Precision? | Acc? | mloul F, 1 |Recall T | PrecisionT | Acc?
U-Net!” 7.76 92.590 | 96.071 | 95534 | 96.627 | 98.592 | 70.954 | 81.883 | 77.564 | 87.219 | 92.248
DeepLab-V3!" 54.60 93.733 | 96.705 | 96.495 | 96.920 | 98.871 | 68.498 | 79.829 | 74.801 86.278 | 91.422
SegNet"”! 29.45 86.860 | 92.717 | 91.746 | 93.745 | 98.846 | 63.047 | 75.079 | 69.839 | 82.174 | 96.393
FCN® 32.95 93.656 | 96.653 | 96.196 | 97.122 | 98.766 | 66.967 | 78.615 | 73.653 85.200 | 91.084
PSPNet!"”! 53.32 94.243 | 96.989 | 97.135 | 96.837 | 99.008 | 70.576 | 81.502 | 76.631 87.671 92.100
MEWUNet"” 14027 | 92986 | 96.290 | 95467 | 97.148 | 99.359 | 69.556 | 80.699 | 76.176 | 86.327 | 97.034
UNetv2™! 25.15 87.631 | 93.179 | 92.257 | 94.127 | 98.904 | 59.641 | 71.858 | 66.691 79.346 | 95.997
PIDNet-S** 7.62 91.836 | 95.631 | 94.811 96.495 | 98.300 | 67.373 | 78.915 | 74.331 84.764 | 91.351
DDRNet-23-S" 5.70 91.618 | 95.511 | 95468 | 95.561 98.360 | 66.901 | 78.541 | 73539 | 85.030 | 91.035
ACC-UNet™ 4.26 95.050 | 97.430 | 97.435 | 97.427 | 99.547 | 69.756 | 80.838 | 76.602 | 85.987 | 97.095
Ours 3.34 96.599 | 98.257 | 98.005 | 98512 | 99.686 | 73.512 | 82.986 | 80.569 | 88.127 | 97.356
RS R YIRS FHEEIEX S EIE R
- N PlantSeg v2/% 2016 Sugar Beets/%
mlou T F, 1 | Recall T | Precision? | Acc? | mlou T F, 1 | Recall T | Precision T | Acc!
U-Net” 7.76 53.221 | 69.469 | 68.656 | 70.301 68.656 | 86.951 | 93.020 | 92.981 93.059 | 92.981
DeepLab-V3!" 54.60 57.436 | 72.964 | 72.739 | 73.192 | 88.520 | 75.956 | 86.335 | 84.732 | 88.000 | 84.732
SegNet"” 29.45 55.209 | 71.141 | 68.603 | 73.875 88.147 | 75.870 | 86.280 | 86.001 86.561 97.671
FCN™ 32.95 58.316 | 73.671 | 72.888 | 74470 | 88.905 | 76.043 | 86.391 | 87.816 | 85.012 | 87.816
PSPNet!"”! 53.32 61.391 | 76.077 | 76.184 | 75.971 89.796 | 80.100 | 88.950 | 86.977 | 91.015 86.977
MEW UNet!"” 14027 | 59.560 | 74.655 | 74.976 | 74337 | 89.158 | 84.271 | 91.464 | 90.459 | 92492 | 98.562
UNetV2™! 25.15 55.843 | 71.666 | 70.671 72.689 | 88.099 | 81.462 | 89.784 | 89.029 | 90.552 | 98.275
PIDNet-S** 7.62 55.504 | 71.386 | 72.179 | 70.610 | 87.677 | 76.266 | 86.535 | 85.978 | 87.100 | 85.978
DDRNet-23-S"* 5.70 53.449 | 69.664 | 69.893 | 69.437 | 87.036 | 76.038 | 86.388 | 84.833 88.001 84.833
ACC-UNet™ 4.26 58.156 | 73.542 | 71.827 | 75342 | 88.994 | 85.222 | 92.021 | 92.860 | 91.198 | 98.629
Ours 3.34 62.895 | 78.163 | 77912 | 79.737 | 89.916 | 87.789 | 93.497 | 92978 | 94.734 | 98.902

P T K, AR T A BRSP4 e 1R AR TR R T Segmentation ¥ ¥& 5 2 T+ 8 K, 4 B N 2.888% Fl
T 4.259%. F 5y B $ T R IR ZERG BE R B2 2.658%. Precision Il Accuracy 1448 7 AR Y TF G
[ IS 1 BAF A4, RS SEMERA b r 401 XK. A o E HARIX .
SRy ik 20 B UE A SO R A 73 RS RN 409 hb

SCHE AL AE 2021 LoveDA £ 45 48 Fl Synapse Multi-organ
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KIS DFRNet : {54 -5 SR ) BB (41 L0 BIRERUBIE 5T

1765

AR S 2o X AR R R g HICHL A SR AR HIL -5 98 5 BIL ]
B— KBRS A A MG, TR RS . % 9~11 73 5
AR R AR R Y S R R B A5 S R AE T R 2K
14U SE I Al ST R A 5L RV FoR I

FETE X" TR IZIE PR

S O A R ek L S R
FH2 RPN FE 5 , PRI AR ST 99 il 552 56 v 78 326 B mIou
H1 Accuracy VE A EZ AL FEAR .

F9 MHME EFE EYFXRMEBIRER 7%
L NEU_Seg FSSD12 Synapse ACDC science bowl BF-C2DL-HSC
P BT | mlou Acc mlou Ace mlou Ace mlou Ace mlou Ace mlou Ace
Vo V] Y| 82168 | 90.790 | 78.569 | 87.292 | 80.855 | 95.118 | 83.416 | 91.259 | 86.108 | 92.384 | 90.822 | 96.466
x | v | ¥ | 82068 | 90.301 | 77.781 | 85.405 | 79.085 | 94.122 | 82.393 | 90.125 | 86.028 | 91.728 | 90.631 | 96.361
Vo x| Y | 81935 | 90.226 | 77.843 | 85353 | 77.091 | 91.572 | 79.131 | 90.692 | 85.851 | 92.186 | 90.389 | 96.397
N x | 82.244 | 90.213 | 77.998 | 86.092 | 77.605 | 93.315 | 79.698 | 87.604 | 85.810 | 91.982 | 90.446 | 96.376
x | x | ¥ | 81746 | 90.106 | 77.438 | 85.148 | 77.049 | 91.238 | 76327 | 87.204 | 85.683 | 91.601 | 90.342 | 96.359
x | x | x | 81554 | 90.100 | 76.637 | 84.491 | 68.332 | 91.200 | 75.175 | 86.934 | 85.391 | 91.113 | 90.295 | 96.263
F10 BREK EREMEMIBER AT %
ik 2021LoveDA WHU TP-dataset KITTI
Pk | B | P mlou Acc mlou Acc mlou Acc mlou Acc
V|V 54.668 74737 86.593 92.829 76.872 83.936 86.109 92.384
x | N | 53.918 72.654 85.527 91.668 72576 83.801 83.971 91.728
Voox | 53.146 70.800 85.797 92.171 69.120 79.210 82.546 92.186
N x 54.009 72.823 86.336 92.297 72.284 82.172 84.045 91.982
x | x|V 53.143 70.790 85.265 91.455 67.544 76.287 80.461 91.601
x | x | x 52.812 70.105 84.799 91.143 65.614 75.430 79.899 91.113
F11 AKREE RUENHREHRER 7%
L LuSNAR AT HERE W PlantSeg v2 2016 Sugar Beets
Pk | B | P mlou Acc mlou Acc mlou Ace mlou Acc
VoYY 93.933 98.944 68.452 91.674 56.152 72.841 87.783 83.936
x | N | 93.609 98.804 68.171 91.628 55.336 72.615 87.018 83.801
Vx| 93.718 98.786 68.109 91.403 55.120 70.431 86.135 79.210
N A 93.891 98.855 67.524 90.869 55.390 70.293 87.526 82.172
x | x|V 92.595 98.657 67.447 90.512 55.101 70.123 86.122 76.287
x | x | x 92.567 98.393 67.212 90.203 54.633 69.340 85.253 75.430

AR B T i S 36 45 2R TR, 4 IR B0 2% 0 1Y
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[F1) 25 KA £ 5 7, P T AT 28 i 1 oh T R T
AR A5 B 250 5 1 SO IR R, 48 Tt TR RS XS/N F
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racy 8 b5 _E 4050 T HABSC RS 7E AN BIEE 4 LY
Recall Fll Precision F5 1% T e 450 , A #E13 0.716%.
1 1 S 08 A3 M BRI, T R T vk RE S AR A b A R
IR . SR UL, AR SCOT IR TE 4 st T 1 Lo EIME:
S5 AR BL T A PR RE

%30k

[1] HEH Y, CAIJ F, PAN Z Z, et al. Dynamic focus-aware
positional queries for semantic segmentation[C]//2023
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE, 2023: 11299-11308.

[2] NITISH V, ACHARYA P G, KRISHNAPRASAD B S, et
al. Design and evaluation of a real-time semantic segmenta-
tion system for autonomous driving[C]//2024 1EEE 3rd In-
ternational Conference for Innovation in Technology(INO-
CON). Piscataway: IEEE, 2024: 1-6.

[3] YANJ D, SHENG Y, PIAO M H. Semantic segmentation-
based wafer map mixed-type defect pattern recognition[J].
IEEE Transactions on Computer-Aided Design of Integrat-
ed Circuits and Systems, 2023, 42(11): 4065-4074.

[4] LUCKE K, VAKANSKI A, XIAN M. A2DMN: Anatomy-
aware dilated multiscale network for breast ultrasound se-

mantic segmentation[C]//2024 IEEE International Sympo-

sium on Biomedical Imaging. Piscataway: IEEE, 2024: 1-5.

[5] TARRY J, DONG X S, LI X F, et al. Unsupervised ensem-
ble semantic segmentation for foreground-background sep-
aration on satellite image[C]//2024 1EEE 18th International
Conference on Semantic Computing. Piscataway: IEEE,
2024: 212-217.

(6] Wik, Brfh, (EMS, 55 . 56T 50E N7 i M A B 55 1 42 P 1R

T8 A EI ). BERAAAR, 2021, 46(10): 3386-3396.
YANG X, CHEN W, REN P, et al. Coal mine monitoring im-
age semantic segmentation based on domain adaptation[J].
Journal of China Coal Society, 2021, 46(10): 3386-3396. (in
Chinese)

(7] el REE, #pilite, % 45 A EIRIE S43#) 0 3 s B s

TSR 7R RGBT S BEFE ], e 274k, 2018, 38(7):
85-91.
AN Z, XU X P, YANG J H, et al. Design of augmented re-
ality head-up display system based on image semantic seg-
mentation[J]. Acta Optica Sinica, 2018, 38(7): 85-91. (in
Chinese)

[8] LONG J, SHELHAMER E, DARRELL T. Fully convolu-
tional networks for semantic segmentation[C]//2015 IEEE
Conference on Computer Vision and Pattern Recognition.
Piscataway: IEEE, 2015: 3431-3440.

[9] RONNEBERGER O, FISCHER P, BROX T. U-Net: Convo-
lutional networks for biomedical image segmentation[C]//
Medical Image Computing and Computer-Assisted Inter-
vention-MICCAI 2015. Cham: Springer, 2015: 234-241.

[10] ZHOU Z W, SIDDIQUEE M M R, TAJBAKHSH N, et
al. UNet++: A nested U-Net architecture for medical im-
age segmentation[EB/OL]. (2018-07-18) [2025-03-12].
https://arXiv.org/abs/1807.10165.

[11] HUANG H M, LIN L F, TONG R F, et al. UNet 3+: A
full-scale connected UNet for medical image segmenta-
tion[C]//ICASSP 2020 - 2020 IEEE International Confer-
ence on Acoustics, Speech and Signal Processing. Piscat-
away: IEEE, 2020: 1055-1059.

[12] CHEN L C, PAPANDREOU G, SCHROFF F, et al. Re-
thinking atrous convolution for semantic image segmenta-
tion[EB/OL]. (2017-12-05) [2025-03-12]. https://arXiv.
org/abs/1706.05587.

[13] CHEN L C, ZHU Y K, PAPANDREOU G, et al. Encod-
er-decoder with atrous separable convolution for semantic
image segmentation[C]/Computer Vision-ECCV 2018.
Cham: Springer, 2018: 833-851.

[14] LIU J Q, WANG Z L, CHENG K X. An improved algo-

rithm for semantic segmentation of remote sensing imag-



1768 H, ¥

il 2025 4F

[15]

[16]

[18]

[19]

[20]

[21]

[22]

es based on DeepLabv3+[C]//Proceedings of the Sth Inter-
national Conference on Communication and Information
Processing. New York: ACM, 2019: 124-128.
BADRINARAYANAN V, KENDALL A, CIPOLLA R.
SegNet: A deep convolutional encoder-decoder architec-
ture for image segmentation[J]. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 2017, 39(12):
2481-2495.

ISOBE S, ARAI S. Deep convolutional encoder-decoder
network with model uncertainty for semantic segmenta-
tion[C]//2017 IEEE International Conference on Innova-
tions in Intelligent Systems and Applications (INISTA).
Piscataway: IEEE, 2017: 365-370.

ZHAO H S, SHIJ P, QI X J, et al. Pyramid scene parsing
network[C]//2017 IEEE Conference on Computer Vision
and Pattern Recognition. Piscataway: IEEE, 2017: 6230-
6239.

YANG S, LI'J B, LI Y, et al. Imbalanced segmentation
for abnormal cotton fiber based on GAN and multiscale
residual U-Net[J]. Alexandria Engineering Journal, 2024,
106: 25-41.

VEE R, B . 5T 0 2 0 /A 1 T
B HI]. B 5 1R B, 2022, 44(4): 1476-1483.
XU G L, MAO J. Few-shot segmentation on mobile
phone screen defect based on co-attention[J]. Journal of
Electronics & Information Technology, 2022, 44(4):
1476-1483. (in Chinese)

LI Z H, WEI C. Dual dense upsampling convolution for
road scene semantic segmentation[C]//2024 5th Interna-
tional Conference on Computer Engineering and Applica-
tion. Piscataway: IEEE, 2024: 721-726.

ZHOU R X, ZHANG R Q, CHEN Y. Enhanced semantic
segmentation with hierarchical upsampling and CBAM at-
tention mechanism[C]//2024 5th International Conference
on Computer Vision, Image and Deep Learning. Piscat-
away: IEEE, 2024: 830-834.

XUN S Y, ZHANG Y, DUAN S X, et al. ARGA-Unet:
Advanced U-Net segmentation model using residual
grouped convolution and attention mechanism for brain
tumor MRI image segmentation[J]. Virtual Reality & In-
telligent Hardware, 2024, 6(3): 203-216.

WRrest, TPk, T, % . LA-UNet 0 2 B8 7 3k 7 4t
b 288 S 73 2 v L (9], 1O AR 2 S 4, 2024, 35(4):
1101-1111.

XU L L, MA K S, WANG X, et al. Application of LA-

UNet network model in remote sensing classification of

[24]

[26]

[27]

[29]

[30]

[31]

[32]

urban green space[J]. Chinese Journal of Applied Ecolo-
gy, 2024, 35(4): 1101-1111. (in Chinese)

MAGNUSSEN HELGESEN S E, NAKASHIMA K,
TORRESEN 7, et al. Fast LIDAR upsampling using con-
ditional diffusion models[C]//2024 33rd IEEE Internation-
al Conference on Robot and Human Interactive Commu-
nication. Piscataway: IEEE, 2024: 272-277.

XIA B, ZHAN B, SHEN M, et al. Explicit implicit priori
knowledge-based diffusion model for generative medical
image
2024, 11(303): 234-241.

CHENJL,LIG Y, ZHANG Z J, et al. EFDCNet: Encod-

ing fusion and decoding correction network for RGB-D

segmentation[J]. Knowledge-Based Systems,

indoor semantic segmentation[J]. Image and Vision Com-
puting, 2024, 142. DOI: 10.1016/j.imavis.2023.104892.
SRAR M, G5, R R, A TR SRR 2T 1Y
155 03 HF 08 R R 0 H D). 1B R L 2024, 28(2):
481-493.

ZHANG Y S, JI R, TONG ] Y, et al. High resolution re-
mote sensing image segmentation based on dual-modal ef-
ficient feature learning[J]. National Remote Sensing Bul-
letin, 2024, 28(2): 481-493. (in Chinese)

SRAHR, XURE, BRETNI, 55 . 45038 2 J5 7] C-UNet K& 2l 25
TS Tl M A2 TR 530 [9]. 4556 B1e 5 T, 2024,
41(3): 543-554.

ZHANG D J, LIU H, CHEN F G, et al. Industrial smoke
image segmentation based on frequency domain multi-di-
rectional C-UNet and dynamic loss[J]. Control Theory &
Applications, 2024, 41(3): 543-554. (in Chinese)

CHANG J, HE X H, SONG D J, et al. A Multi-Scale at-
tention network for building extraction from high-resolu-
tion remote sensing images[J]. Scientific Reports, 2025,
15. DOI: 10.1038/s41598-025-09086-9.

WANG H Y, XIE S, LIN L F, et al. Mixed transformer U-
Net for medical image segmentation[C]//ICASSP 2022 -
2022 IEEE International Conference on Acoustics,
Speech and Signal Processing. Piscataway: IEEE, 2022:
2390-2394.

LEIL, YANG QL, YANG L, et al. Deep learning imple-
mentation of image segmentation in agricultural applica-
tions: A comprehensive review[J]. Artificial Intelligence
Review, 2024, 57(6). DOI: 10.1007/s10462-024-10775-6.
LIN AL, CHEN B Z, XU ] Y, et al. DS-TransUNet: Dual
swin transformer U-Net for medical image segmentation[J].
IEEE Transactions on Instrumentation and Measurement,
2022, 71. DOI: 10.1109/TIM.2022.3178991.



% o6 M KIS DFRNet : {54 -5 SR ) BB (41 L0 BIRERUBIE 5T 1769

[33] NASIM M A AL, MUNEM A AL, ISLAM M, et al. tems with Applications, 2024, 238. DOI: 10.1016/j. es-
Brain tumor segmentation using enhanced U-Net model wa.2023.1221009.
with empirical analysis[C]//2022 25th International Con- [43] PALK, YADAV P, KATAL N. RoadSegNet: A deep learn-
ference on Computer and Information Technology. Piscat- ing framework for autonomous urban road detection[J].
away: IEEE, 2023: 1027-1032. Journal of Engineering and Applied Science, 2022, 69(1).

[34] LIU L Z, CHEN X H, ZHU S Y, et al. CondLaneNet: A DOI: 10.1186/s44147-022-00162-9.
top-to-down lane detection framework based on condi- [44] LIUJTY, ZHANG Q Y, WAN X, et al. LuSNAR: A lunar
tional convolution[C]//2021 IEEE/CVF International Con- segmentation, navigation and reconstruction dataset based
ference on Computer Vision. Piscataway: IEEE, 2022: on Muti-sensor for autonomous exploration[EB/OL].
3753-3762. (2024-10-26)[2025-03-12]. https://arXiv.org/abs/2407.06512.

[35] WILM F, AMMELING J, OTTL M, et al. Rethinking U- [45] WEIT Q, CHEN Z, YU X, et al. PlantSeg: A large-scale
Net skip connections for biomedical image segmentation in-the-wild dataset for plant disease segmentation[EB/
[EB/OL]. (2024-12-13) [2025-03-12]. https://arXiv. org/ OL]. (2024-09-06)[2025-03-12]. https://arXiv.org/abs/
abs/2402.08276. 2409.04038.

[36] GUOB Y, WANG Y T, ZHEN S, et al. SPEED: Semantic [46] WANG Y M, HA T, ALDRIDGE K, et al. Weed map-
prior and extremely efficient dilated convolution network ping with convolutional neural networks on high resolu-
for real-time metal surface defects detection[J]. IEEE tion whole-field images[C]//2023 IEEE/CVF Internation-
Transactions on Industrial Informatics, 2023, 19(12): al Conference on Computer Vision Workshops. Piscat-
11380-11390. away: IEEE, 2023: 505-514.

[37] XU Q, MA Z C, DUAN W. DCSAU-Net: A deeper and [47] RUAN J C, XIE M Y, XIANG S C, et al. MEW-UNet:
more compact split-attention U-Net for medical image Multi-axis representation learning in frequency domain
segmentation[J]. Computers-in Biology and Medicine, for medical image segmentation[EB/OL]. (2022-10-25)
2023, 154. DOI: 10.48550/arXiv.2202.00972. [2025-03-12]. https://arXiv.org/abs/2210.14007.

[38] ZHANG Y H,LUH Y, MA G Y, et al. MU-Net: Embed- [48] XU J C, XIONG Z X, BHATTACHARYYA S P. PID-
ding MixFormer into unet to extract water bodies from re- Net: A real-time semantic segmentation network inspired
mote sensing images[J]. Remote Sensing, 2023, 15(14). by PID controllers[C]//2023 IEEE/CVF Conference on
DOI: 10.3390/rs15143559. Computer Vision and Pattern Recognition. Piscataway:

[39] FENG H, SONG K C, CUI W Q, et al. Cross position ag- IEEE, 2023: 19529-19539.
gregation network for few-shot strip steel surface defect [49] HONG Y, PAN H, SUN W, et al. Deep dualresolution
segmentation[J]. IEEE Transactions on Instrumentation networks for real-time and accurate semantic segmenta-
and  Measurement, 2023, 72. DOL 10.1109/ tion of road scenes[EB/OL]. (2021-09-01) [2025-03-12].
TIM.2023.3246519. https://arxiv.org/abs/2101.06085.

[40] SCHERR T, LOFFLER K, BOHLAND M, et al. Cell seg- [50] IBTEHAZ N, KIHARA D. ACC-UNet: A completely
mentation and tracking using CNN-based distance predic- convolutional UNet model for the 2020s[M]//Medical Im-
tions and a graph-based matching strategy[J]. PLoS One, age Computing and Computer Assisted Intervention -
2020, 15(12). DOI: 10.1371/journal.pone.0243219. MICCAI 2023. Cham: Springer Nature Switzerland,

[41] SRR, WRAR, &7 A7 . BE T UM 20 15 G 1 o) 2% 114 12 Ja% 2023: 692-702.

ARSI AR D). iU E R (5 B RER), 2024, [S1] AZAD R, ASADI-AGHBOLAGHI M, FATHY M, et al.
49(3): 376-388. Bi-directional ConvLSTM U-Net with densley connected
ZHANG Z E, PAN J, SHU Q D. Building extraction convolutions[C]//2019 IEEE/CVF International Confer-
based on dual-stream detail-concerned network[J]. Geo- ence on Computer Vision Workshop. Piscataway: IEEE,
matics and Information Science of Wuhan University, 2019: 406-415.

2024, 49(3): 376-388. (in Chinese) [52] LIUTH, HE Z S, LIN Z J, et al. An adaptive ima-ge seg-

[42] ZHANG X L, LIANG L, ZHAO S L, et al. GRFB-UNet: mentation network for surface defect detection[J]. IEEE

A new multi-scale attention network with group receptive

field block for tactile paving segmentation[J]. Expert Sys-

Transactions on Neural Networks and Learning Systems,
2024, 35(6): 8510-8523.



1770 C T 2025 4F
[53] XU R G, HAO R Y, HUANG B Q. Efficient surface de- [54] YU H, CHO Y, KANG B, et al. Embedding-free trans-
fect detection using self-supervised learning strategy and former with inference spatial reduction for efficient se-
segmentation network[J]. Advanced Engineering Infor- mantic segmentation[M]//Computer Vision - ECCV
matics, 2022, 52. DOI: 10.1016/j.2ei.2022.10156. 2024. Cham: Springer Nature Switzerland, 2024: 92-110.
E&E &I

BHKS  %,2004F 2 A TN A# 2
T BRI TR N TR R S e b
GHVTASBE AR . FZRITT W A U3
E-mail: 2142827479@qq.com

£ W B 977FE 1 AETHIMEE
. WO R LR R N LR S e bt
2B GV BE ) 2082 . 2SR 7 10 & Beil
B LA LBE LS AN .
E-mail: jledf@163.com

EILIE 40,2005 4F 8 J1 Hi2E TR & A
7. BAHIR TR R N T e S el i b
CHVTASBE) AR . LRy 1) Ryl L)
E-mail: 2645740476@qq.com

KALSS  %,20044F 5 7 A TR 44 W0 B
. BT R e AR S R 2 B A
BHE . FEZFETT 1 R S E] .

E-mail: 2980083632@qq.com

R M L,20054 5 AR T WIR AN
T BRI TR AN TR R S S e a2 b
GV BE) AR . FEWF T [0 A 3]
E-mail: 3278028915@qq.com

BER 5 ,20044E4 L TWHIHA 25
7. SR LR R N e S el e
GHVEARBE) ARA: . FZHFE T i Lo
E-mail: 2307225478@qq.com

FEEE A, 19844F 12 T Ak T %
T . BRI TR R S B
FEIFEIT IR LS S REAEGE B k.
E-mail: fxp1222@163.com



