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Abstract

Deep learning-driven image segmentation has demonstrated significant efficacy in fields such as med-
ical imaging and autonomous driving. However, its black-box decision-making mechanisms lead to a
lack of theoretical guidance for model selection and hyperparameter tuning, with heavy reliance on
large datasets and high computational resources. In contrast, variational model-based methods,
though often limited by local feature extraction and neglect of global contextual relationships, ex-
hibit advantages in mathematical interpretability and noise/artifact resistance through their inte-
gration of global statistical patterns and local smoothness constraints. This paper proposes a U-Net-
inspired architecture based on the Potts model unfolding framework to enhance segmentation ac-
curacy and robustness. Unlike traditional U-Net, our method introduces Potts model-derived regu-
larization blocks during downsampling and upsampling to strengthen region consistency and edge
preservation capabilities. The Potts model is solved via the Half-Quadratic Splitting (HQS) method,
combined with a Fields of Experts (FoE) regularization term. Trainable Discrete Cosine Transform
(DCT)-Gaussian convolutions are employed to learn gradient operators, with activation functions
adopting the Soft Thresholding Formula (STF). Additionally, a Transformer structure is integrated
at the network’s deepest layer to capture global contextual information and address long-range de-
pendencies, further refining segmentation performance. Experimental results demonstrate that
our model effectively learns features with limited parameters and datasets while improving seg-
mentation precision. This study offers a novel perspective for image segmentation tasks, highlight-
ing the vast potential of hybrid architectures that combine deep neural networks with classical var-
iational models.
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1. 5|8

EHE o E R RN T — M0 AT S, HH R USRI 9 B A i 2 A X3, DA
TIGE A . TR, BERARNARE, BGEEERT T REBNRE, NP EET S8
BT, B RIIREE S A, I — Uz 0, R B HS B0 =F & R = AR 23 B SR

LU Ed, BRI BE AR A . SEPUR R, BVRRRGE, JF A R KB A
FERR S, BOAEME A BIREZE TR, XB ik M —/ MR sRL, 520 H1 in) % R AR Ak i)
W, R A RS B R T v i B B . UG E v wT Lo NS T BE I B k1],
T BT VE2] T T IO 0 E 7 3]5%.

1988 4, Osher F1 Sethian[4]#2 ! T /K V577 (Level Set Method), 1% /772 F T PR i b 26 A0 il T 11 v
th, BAAEAR 2671 £ 2GR CH, Chan 1 Vese it — KX — M & 45 & 21 BUE - %,
$2tH T Chan-Vese BHY[5]. 2RI I S /MU E I RE R R AL, FE T80 J7 sl 1 BRI mAH 23 1,
FOVFALFR K FE A B A S0 1) MR o Chan-Vese BB R TR 1 R XA S0, Budk 171G s{E 7
E7E:, FHAE TSR RIEMY . J5K Chan Al Samson MK IX S35 AR & 31 22 A1 B4 43 %1 1o -
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[6]o 2010 4F, WEIRTESE AR T —FdET TV BB H) 2 40 EBUR 7 BV 7 K877 B TiERA
FRAIT R A IS, I EAFTERZ NGRS YE, X0 TEEEG ISR EZE. H
52, EAMEAE R R, Bl yaa i B R BUStE, 752X AR RBIEET TS8R %, b
RS BRI SN Im Pk, JCHRAE A SRS .

B VR 2 ST, TUHEEFHE W4 (CNN) IR, B B 9080R AE 7 B A8 4,
2015 4, Long FF N1 T 2B HINEE(FCN) [8], 1FF KAk Gt i) B 22 M 25 (CNN) ZHL ity e B 1%
B RION I HENEE R, FrEEIRE S SIE R RIS N IS T 8RR . [F4E, Ronneberger
NSRS T — P TR R B 5 B 5 BB BOR FE BRI 25 484 ——U-Net [9], fE& et 7 — Mot
PRI AD- ARG a4, e rb BRI B T OR B 5 70 PRI, (15 X 2% RE A8 718 3R AT SEHERA 1K) 43
#lo U-Net RIFERE 22 g h R AR M 32 WGH, N VF 20 5 SRR T (0 FEHERR AL .

JEE R BE 5 SRR AE BUR 3 307 TR I T U YRR, (RARIRAAAE — oA R 2 Ak foiltan, VR BE N 2%
(I 25 77 SR B AR RO S H R, B SR B s = v R . B2 ) SAM (Segment Any-
thing Model) [10]HAGIFE, & HREUR ORI R, (BEE 2RGSO, HTEEFANS5ER
B i B DL IAEAE , SAM RIS ZIBAM R thoh, HiFERNSH, EEIIARKEL Tk
)T HE AT H AP . X AEAFH T EA TR ETNR S, 55 G AL e 728 o R A AR B2 27 T 1
e, BRVFRENE 75 43 1 ot 5 AR AL M e 1 2 1) 38— AN B 47 1P 48 1L

AR, EFANTRER TR FE S SIHESEFIAR Sy AR 2 (A B [/ FH o« Chen 58 A [ 1175 2R 24 (FCN)
L& MBENIA(CRES &, $et T —FoBi 10738, Son TR S S AERE R 2 M F{EH . Y. Chen
(1242 7 —Fpd T A8 - HERE () G 40 50 D70, 8 45 B TR BE 25 ST AR O B I 48 (GAN) FIAR 3 1 A, (2 3%
P G o B SR ERIAER M . Tai 28 N[13 16 Potts F5Y 15 %2 5 WK 5 vESE &, @5t Potts AR ) 55
BB, SRt 7 — e S EARRE, ] T gR D AR - ARG AR I A% ) DAENLH . R IR T iR AR
GEIIAR 5y I LS BR FE PR W 2 v, (BT X 28 BEAR I SR AN S AT 9 (1035 W 2807 e R AT SR HE A9
RRFET 2 WA B ] 2 2] W28 TAE,  w] DA 208D T3 230 B A R B R S ot X2 —
TEA G ) B 244 7F MG R 4Tk, Chen A1 Pock Kf AR £ S B4 B 2 5 1R B 2 S AR TR 4 4
PRt 7T IGRIELANE S N AT HI(TNRD) [ 1418 L 5EWE H 2)) 77 1@ BT AR EUE K BAE S5 IS8 iR fE
FA% 1) 52 iR BU(RBF) M BAAZ IR AH & SR B TN 2RI 2 80805 B, N BRATI AT R4 4L 107 i LA . 2017
, Vaswani 25 N X$ZH T Transformer 22#J[15], #3h T HRE S B (NLP)F 2B, 153 TIRE 2
ST RN A RS K . J52K, Carion %8 A& H DETR (DEtection TRansformer)#: [ 16], /4 DETR
1) 322 H bR SE B E PRI, EHAEZE RN 3 v B AL R G o BTSSR A TR R

TEZ AR5 BN BIBE FE A, BT G5 B A0 H A I e 7 00 75 SRAEAS % 22 28 0 0 23 B 1k R 25Kk H 25 05
HNTEBIX— Pk, AL T —Fh45 A Potts B[ 17112840 U-Net ZEA4 1387 1 BG40 B 732,
277 10 T U A A Rk T D) A 0 1) 225 AR B2 R N 308 T8 Hs /D (3R ZE W 4 o FRE 28 iR = N
TransFormer KA 384/ b N 3CE BB BE B A, B 7ETe & 2 A0 o B e 5 Stk

2. MXHRE
AR PR 23 AR AR 7] 9 PR A R R 00 AN FLARMEAR . LR AR I, JUHE ik A
Q=U,Q,» QN Q =2, HhQAREAEXIEL, Q (i=12n) HHEIHIHZAT XK,

2.1. Potts &8

Potts MR FATIR TGt E . £ FIE ST, Potts BALK EBR IR MR N DI, IF
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B A 7 AR RIZERICRES) . MHABER R TR NAIZ I ME R Z AR LR R BEE . Potts A5
I E AN e R R BRI R G 2 B B AR, R B LRS-
ng(r)ll E(c,p)= Za_f( (x)- cl.)zgoidx+yi|V¢)i|dx (D)

& HH B T 48 47 (Total Variation, TV)IENEIAL . Horb f(x) BRFABIE: o, RRFA5E
DRI EIE; @, 2R R, T HOR B R x 08 T X3 Simplex 155 @ BEATLIHLE D 0, =1
a; $D7/E vﬁ‘%éﬂl

TIRR(DRIRARINESIE TV 258 RTE, Zach % A[18PKARIC BB st oy AR MIE R, g 2 B ik
RARAIRIF R TT Z . Bae SEAN[1914H T —ANRAAX R, Il HEE B B B IR .

2.2. HQS ik

Half Quadratic Splitting (HQS, > —iR7r%4%) 2 —Ma I EE, FEH TG L AE N AR
TE R B EUE R AL SN R o, = Vo, MIESISH B, HE CEIRTN g, (x) = (f(x)—c,.)z, ]
[ E L VR

E(c,p,0) Zafgl(x)wldx+2ylj|w|dx+—ZI o, Vgol )
TR AR IERAT DR AR, B3 T o MIFENTE:
_ PRI

w” maxUV(p‘ 5 0] Vol 3)

o, 1R YATEARDEL
3. ARF*
3.1. FoE (Field of Experts)IE N4k [20]

FoE IEMIAbAE— R R BB IE NI T, e R IARZRIERIAR M, BERs A sl fe P& P i)
SARGHIMSIE . JFH., FoB B ST Ll i I ZREn 847 2% 5] . — et oL, FoB IR Ak a5 m] LA
RIRN:

B0 T | @

JEN;

Horb, x REBHHIE, n BEZFIER, N RS i DLW, K, FoRE i M EFNERZ,
o R MNARLRMERGE R B i, WIS A FoE 1IEIALTI T Potts 57

min E(e.0)= zajg, dx+;;y,.j|1<,.¢,~|dx 5)
By, BRI, ST RIBE F WA (KA, 250 T
op o P
s (x)_;ﬁffo (Kl - ) ©)
!
a) _maxUK(D,|—— J ./'(Dil )
B )|k ¢l
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K, ¢l €[0,1], K, R K, KL, TR o MRBIEAN, R—AMETE, AR, aTLuE 3
et LRI

o = ReLU(Kjgoi’ _ﬁLJ - ReLU[—(Kj(piI +ﬂLD 8)

XA R Ps eR B AR 25
3.2. Vision Transformer {&IRERK

Vision Transformer (ViT)/& — ¥ Transformer 2284 B FH T THH LA 5AT 55 FIBEEY , 5 4] B Dosovitskiy
[21]55 NAE 2020 FF3R o ZI7EIBIE R BRIy /g, IR L8/ NI N 7 51 i N 45 Transformer, A
TS 7% R R AL A 4325

TR AR SR RHE B S, RN —AS VIT #ihe BRI E, 78 T RAEH I A2 UK Hx W R AR 43 B
WP P A RS N = T L R MRt B Rl A
JE (BANEAR )R LS 5 D YERFAE = A o

PatchEmbedding : Z = Proj (Flatten(Patch (1 ))) 9)
Horr, 12N B, Patch (1) Fomxat BURBEAT 73 JURAE, Flatten R GAN/NIUE T, Proj RZ&MEAL .

NTRFEALEER, X — P AL B il . Transformer L H 2 Sk B & I HLHI R AT 5028
WL R, RERSTE 42 RVE I N ISR IEZ A SR S0 &, Lty W) 20 A

Attention (Q, K, V) = softmax [ ?/I;Tj ] v (10)
Hrb, Q RAifi(query), K ZH(key), V RAti(value), d, REEMYERT. Zid VIT AFL G BIRFIE K HE & 1

1R R
3.3. Mgt

R4 LB 2, B JEARER = 2 3168 J111 Potts HE7Y 31 AT N R IR 28 B, R T 2 1 B AR AiE Ao
PR BE BRI R, AR T — A T 85D R 20 1 I 4%, E N REERT EoRFETRE AR, fEi8IE
DR SN T IEMMEEER, FRERREMAT VIT B, & 1 iR,

ZAL U-Net HEZE (9T RAEM B A 3RS MR UL, )2 00 15 WAL BAE S 1E AT ) SR B0
XoF L PR 8 73 7 R BB 0

W (s ()-8 (K0l o) a

U 7R M 461 U-Net 458 AT R SRR AN BRI . FE IR, B oy 357 K i
NERIE. 32 TNRD HIR A&, N T BEHED>SHEEIF RGN TR, A SCE SR
K& E AT DCT S LA G

Wir

d
K, =§

Ff, =1, 2,md o wy = (g, ) ORI IIZRAO B8 A T W A R A )
FRRE, A AR R AR, BT ¢

b, (12)

w;
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Figure 1. The network structure
B 1. AR R 4R 454
1 X+
G(x,y)= exp| — (13)
( ’ ) 2no’ 20°

Hr,
Jri% R B B 1 SRR

K, =

G(a)xé

o X R B bR e, 2 DTN E . 55 BN SRS E N B R 52 A R A

Wj,r

b, (14)

|W.i

MPIHRESHT K, a0 — BB 180 £, IR H B BRI HIL.
FEXPNBIAZ I, R A — AL BN)ANEE(8) (-1 STF A N lE =, S i 1R AL e <]

2 iz o

BN

L G-DCT ConVH STF&Norm ]—%-DCT DeConv —

Figure 2. Regularization module structure

2. IEMMLIRIREEH

K1 R R A R N, JFER N R LRI IR R o, DA DA% S22 0 B R (T 05
WHURNE R R . fe)milid Softmax A1 Simplex 21K, 3 M MERKI 20 RER, AR E K& D
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HIHERR o
T I 7 4% I 2 ST ) 2% 2 404 6 ={Kj,a’,,8’,7’,a’} , A Adam AL R[22 MU LR AE X
A BRI 2K
N C

L=-=35, log(p,) (15)

i=1 c=1

Hrp, NEFEAMERE, CRRMPEE, vy, RN EIG ¢ TRREIARR, p,, R i £
¢ FHITRIIREAR .

4. LIS
4.1. SCIGIFER

SIS TERL 4 Intel Core i7-12700 4bHE2% . NVIDIA GeForce GTX 2080Ti &R EHL Rk 471, #1if
FIRWEN 0.002, epoch BE N 200, Kz 5imAT I EUR > FIM L30T 1 HEEL AL4E U-Net. U-
Net++ [23]. FPN [24]. DeepLabV3+ [25].

FESER T, O 7 A HTFA R 2 FIVERE, ARSI 1 2 R e

1) Accuracy (#EFE): TSR IEGIK LG, RITERA S0 AR R 2 S SR R B 7 L.

2) DSC (Dice Similarity Coefficient, Dice fHLR¥0): H TWEHANESKIALIE, Feoli& & Elis
BRSBTS HEAE 03 1 20, 1 For7e—H. AXA:

_2|4n B 16)
|4]+|]
Horft, |4 B RTINS LR A SR TR .
3) MIoU (Mean Intersection over Union, “F¥ASH:-E): {FAL 45 R 5
BSMERESREE, RENEIIN LK IoU K FHME. ToU HHARN:
|4 B|
ou =202 (17)
|4 B|

XLHEIR B 2y e R, AT DA EDUH S AL o FIPERE . I 255 X BL Tk, REAS B T B A
BRI
4.2. BIE&E

PN ik T eV E 7 T

1) Synapse RZEBREIRE, ©OF 2211 5k MK CT HRIEIE, #¥i%8 512 %512, RSERIERT
Horp 1280 sk AMMAEEBET CT H#EE, Hrb 1000 5kIEAUIZREE, 280 FkAE AL .

2) CamVid (Cambridge Driving Labeled Video Database), ‘&2 H &I K= )it EHAL 4L aldE, &—
A2 FH TR 5 S R SO o0 AT 1 SO B 4, el Je 78 H B 2 e Bk g S A T T . B

A4 701 TKHEZE T 360 x 480 EIE .. ASZIGATF 366 TRAENVIZREE, 233 ikVEAMLREE, 102 KIE N
L4,

4.3. SEHER

HSERAE Synapse PR ERIEEWEEE R, AL IE TR SIS R SR ERR) (D &)
ZERMR ORI E . EREEURT, W T LA FRCR R, Wi 3 Pk,
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JEtaEE U-Net U-Net++ FPN DeeplabV3+ Ours

4
A

Figure 3. Comparative experiments on the Synapse dataset

[ 3. Synapse EFEIGHIEE LRIXTEL IR

AR H, *E?i?ﬁﬁ@@ﬁ%%% it AR S5 U-Net. U-Net++3R U8, A SCH AT 1E U4k He (g B 7l 56
RE 7 #IHTE M A, A BTN GRHEA B 0 X Bzl RS R RRICE 2 1 R 3fE B
#] DeepLabV3+K ik, f#iF Vision TransFormer FJR 75 &8 Wi SR AE A BH 2 1Y 4% A 45 21 1E 7 1) 18
Fto

R TR Ve RE TR AR, AT DUE X R AR A TR T U-Net. U-Net++. FPN. J£H, %
BRI ) 2 8N DeepLabV3+1) 8%, HIAE] 15 HMEMAM IR, RSB RAERE LU 73 Bk
JE b B S AT

Table 1. Comparison of segmentation results on the Synapse dataset

= 1. Synapse EFE& HBE LRI N EIZRITEL

Model Accuracy DSC MIloU Number of Parameters
Ours 97.11 95.94 96.56 3.9M
U-Net 95.87 93.26 94.26 31M
U-Net++ 96.44 93.79 94.77 31.5M
FPN 96.66 94.55 94.63 29M
DeepLabV3+ 97.06 95.88 96.61 49.4M

N TP PR RCR , ASCE S T BOV R 2R MR AR S CamVid REAT I, IFEHR T —
SRS KX LE A R, Il 4 FR.
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Figure 4. Comparative experiment on CamVid dataset

4. f£ CamVid #iE5E L RIXTEL S0IE

ATLAE H, ZER B S0 HER R ELRE 1, RERE A RO S EAG R A R AE, B WA e
L. BAT4S. RN UERE AT R RN, ARSI Rab g, T2 i BG ha] PLszEl
B4 BIROR

Table 2. Comparison of segmentation results on Camvid dataset

5% 2. Camvid HUIEE LMD RILERXTLE

Model Accuracy DSC MioU Number of Parameters
Ours 97.42 95.06 96.98 3.9M
U-Net 95.85 93.57 94.42 3IM
U-Net++ 96.09 93.90 94.83 31.5M
FPN 96.61 94.35 96.17 29M
DeepLabV3+ 97.11 94.76 96.75 49.4M

2 R TiZEAE CamVid RIL, SCIRZE AR, ZBAER L. DSC A MIoU fits E3ILT
HA R, BRI, RA EHGEEREORXIE, AR IR SR i B AR A A HAR PR, (H
REETTLLE Y, ZE T BARERENL T2 5 U X LR

4.4. JERhSCIS

AT HRFTLE F IE NG ER AT VIT B9F %M, AR SCHE Synapse B 254 G EE S LT T IH ARSI,
B 5ERE WAL R 7 B 360E, 45 R 3 Fion. AILLEH, IEMMLESR 5N, BT aiad i g
BHTEENRS.

Table 3. An ablation study to verify the effectiveness of the regularization module

3. WIEEN R A TR HRL LIS

Accuracy DSC MioU
A IEM{ 97.11 95.94 96.56
JCIE AL 96.87 95.13 95.72

FRRR VIT A BEIESE R AL 4 Fros. AT, VIT LRSI AR 2B W B AR5 L
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A T RERRTT.

Table 4. An ablation study to verify the effectiveness of the ViT module
= 4. WIEIEN R B R HRL LI

Accuracy DSC MioU
H ViT 97.11 95.94 96.56
¢ ViT 96.43 94.87 95.36

MRS IRR I, Frig LK TE Synapse &2~ EUE M CamVid #5 EMG LIEUE T8 7 1
gEWL . FE 5 R0 R T EIHA T LR, AR HERGYE . Dice AL REU(DSC)RIF 33 I Lh(MIoU) &5 5%
BEIEAR DRI, RIS H R B AT R TH AN R ) 43 B B8 1 SRR RE

5. R4

AR T — T AL A3 T i 25 - AR 4 0 I 28 2K, 2R AL G AR 7 T R SR S SIS
PSR T FMER 7 BN IR AE SR B ROR o SR R o 1 A2 70 R RO a6 A SRR R il R, DA R R P o ST A
TR0 K Bl A AT R PR EOR Pl o A ST AT 22 ST B IE AR B, BRATRENS A R 32 B 15 b ) 4 Ry
AN AE R, FINAA VIT B EER NGRR3R = 39 5 i B AR g

BEAh, AT S RIG7R TR G2 7 T7 i 5 BURIR 2 ST BOR G5 & (1 71, ARR I TOR SR b e
dnfar it — B AU A o AL ) 2 B B DL SR TR T R 275 P K P, SIARF REAE AN T AR AL 1Y)
MBI ST P IR 2 N7 5

SE

[1] Otsu, N. (1979) A Threshold Selection Method from Gray-Level Histograms. /EEE Transactions on Systems, Man, and
Cybernetics, 9, 62-66. https://doi.org/10.1109/tsmc.1979.4310076

[2] Adams, R. and Bischof, L. (1994) Seeded Region Growing. I[EEE Transactions on Pattern Analysis and Machine Intel-
ligence, 16, 641-647. https://doi.org/10.1109/34.295913

[3] Canny, J. (1986) A Computational Approach to Edge Detection. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 8, 679-698. https://doi.org/10.1109/tpami.1986.4767851

[4] Osher, S. and Sethian, J.A. (1988) Fronts Propagating with Curvature-Dependent Speed: Algorithms Based on Hamilton-
Jacobi Formulations. Journal of Computational Physics, 79, 12-49. https://doi.org/10.1016/0021-9991(88)90002-2

[5] Chan, T.F. and Vese, L.A. (2001) Active Contours without Edges. IEEE Transactions on Image Processing, 10, 266-
277. https://doi.org/10.1109/83.902291

[6] Samson, C., Blanc-Féraud, L., Aubert, G. and Zerubia, J. (2000) A Level Set Model for Image Classification. /nterna-
tional Journal of Computer Vision, 40, 187-197. https://doi.org/10.1023/a:1008183109594

[7]1 25846, WFIRTE, (R, 5T TV B2 M -G 55 8148 45 K T8 0575 [CL/38 Fm G B BR 5 M SR 2
WAL 4. dbat: bt G EIE %4, 2010: 49-56.

[8] Long, J., Shelhamer, E. and Darrell, T. (2015) Fully Convolutional Networks for Semantic Segmentation. 2015 /EEE
Conference on Computer Vision and Pattern Recognition (CVPR), Boston, 7-12 June 2015, 3431-3440.
https://doi.org/10.1109/cvpr.2015.7298965

[91 Ronneberger, O., Fischer, P. and Brox, T. (2015) U-Net: Convolutional Networks for Biomedical Image Segmentation.
Medical Image Computing and Computer-Assisted Intervention—MICCAI 2015, Munich, 5-9 October 2015, 234-241.
https://doi.org/10.1007/978-3-319-24574-4 28

[10] Kirillov, A., Wu, Y., He, K. and Girshick, R. (2023) Segment Anything. Proceedings of the IEEE/CVF International
Conference on Computer Vision, Paris, 2-6 October 2023, 4015-4026.

[11] Chen, X., Papandreou, G. and Schroff, F. (2016) Semantic Image Segmentation with Deep Convolutional Nets and Fully
Connected Conditional Random Fields. Proceedings of the IEEE Conference on Computer Vision and Pattern Recogni-
tion (CVPR), Las Vegas, 27-30 June 2016, 2437-2446.

DOI: 10.12677/jisp.2025.142020 222 & 555 Ak #


https://doi.org/10.12677/jisp.2025.142020
https://doi.org/10.1109/tsmc.1979.4310076
https://doi.org/10.1109/34.295913
https://doi.org/10.1109/tpami.1986.4767851
https://doi.org/10.1016/0021-9991(88)90002-2
https://doi.org/10.1109/83.902291
https://doi.org/10.1023/a:1008183109594
https://doi.org/10.1109/cvpr.2015.7298965
https://doi.org/10.1007/978-3-319-24574-4_28

KFAE &5

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[24]

[25]

Chen, Y., Qi, H. and Dee, D. (2020) Deep Variational Image Segmentation via a Conditional Generative Model. Pro-
ceedings of the AAAI Conference on Artificial Intelligence, 34, 10843-10850.

Tai, X., Liu, H. and Chan, R. (2024) PottsMGnet: A Mathematical Explanation of Encoder-Decoder Based Neural Net-
works. SIAM Journal on Imaging Sciences, 17, 540-594. https://doi.org/10.1137/23m1586355

Chen, Y. and Pock, T. (2017) Trainable Nonlinear Reaction Diffusion: A Flexible Framework for Fast and Effective
Image Restoration. [EEE Transactions on Pattern Analysis and Machine Intelligence, 39, 1256-1272.
https://doi.org/10.1109/tpami.2016.2596743

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, L., Polosukhin, M. and Tsipras, S.
(2017) Attention Is All You Need. Proceedings of the 31st International Conference on Neural Information Processing
Systems, Long Beach, 4-9 December 2017, 6000-6010.

Carion, N., Massa, F., Synnaeve, G., Usunier, N., Kirillov, A. and Zagoruyko, S. (2020) End-to-End Object Detection
with Transformers. 16th European Conference on Computer Vision, Glasgow, 23-28 August 2020, 213-229.
https://doi.org/10.1007/978-3-030-58452-8 13

Shotton, J.B., Winn, J.M., Rother, C. and Torr, P.H. (2006) TextonBoost for Image Segmentation and Recognition.
Proceedings of the European Conference on Computer Vision (ECCV), Graz, 7-13 May 2006, 1-15.

Zach, C., Gallup, D., Frahm, J.M. and Niethammer, M. (2008) Fast Global Labeling for Real-Time Stereo Using Multiple
Plane Sweeps. 13th International Fall Workshop on Vision, Modeling, and Visualization, VMV 2008, Konstanz, 8-10
October 2008, 243-252.

Bae, E., Yuan, J. and Tai, X. (2010) Global Minimization for Continuous Multiphase Partitioning Problems Using a Dual
Approach. International Journal of Computer Vision, 92, 112-129. https://doi.org/10.1007/s11263-010-0406-y

Roth, S. and Black, M.J. (2009) Fields of Experts. International Journal of Computer Vision, 82, 205-229.
https://doi.org/10.1007/s11263-008-0197-6

Dosovitskiy, A., Beyer, D., Kolesnikov, A., Zhai, X. and Hoffmann, T. (2021) An Image Is Worth 16 x 16 Words:
Transformers for Image Recognition at Scale. Proceedings of the International Conference on Learning Representations
(ICLR), 3-7 May 2021.

Kingma, D.P. and Ba, J. (2015) Adam: A Method for Stochastic Optimization. Proceedings of the 3rd International
Conference on Learning Representations (ICLR), San Diego, 7-9 May 2015, 1-15.

Zhou, Z., Rahman Siddiquee, M.M., Tajbakhsh, N. and Liang, J. (2018) Unet++: A Nested U-Net Architecture for Med-
ical Image Segmentation. In: Stoyanov, D., et al., Eds., Deep Learning in Medical Image Analysis and Multimodal
Learning for Clinical Decision Support, Springer International Publishing, 3-11.
https://doi.org/10.1007/978-3-030-00889-5 1

Lin, T., Dollar, P., Girshick, R., He, K., Hariharan, B. and Belongie, S. (2017) Feature Pyramid Networks for Object
Detection. 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Honolulu, 21-26 July 2017,
936-944. https://doi.org/10.1109/cvpr.2017.106

Chen, L. C., Papandreou, G., Schroff, F., Adam, H. (2017) Rethinking Atrous Convolution for Semantic Image Seg-
mentation. Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Honolulu, 21-26
July 2017, 1-10.

DOI: 10.12677/jisp.2025.142020 223 & 555 Ak #


https://doi.org/10.12677/jisp.2025.142020
https://doi.org/10.1137/23m1586355
https://doi.org/10.1109/tpami.2016.2596743
https://doi.org/10.1007/978-3-030-58452-8_13
https://doi.org/10.1007/s11263-010-0406-y
https://doi.org/10.1007/s11263-008-0197-6
https://doi.org/10.1007/978-3-030-00889-5_1
https://doi.org/10.1109/cvpr.2017.106

	基于编码器–解码器架构和Potts模型的图像分割方法
	摘  要
	关键词
	Image Segmentation Method Based on Encoder-Decoder Architecture and Potts Model
	Abstract
	Keywords
	1. 引言
	2. 相关研究基础
	2.1. Potts模型
	2.2. HQS方法

	3. 研究方法
	3.1. FoE (Field of Experts)正则化[20]
	3.2. Vision Transformer模块集成
	3.3. 网络设计

	4. 实验分析
	4.1. 实验环境
	4.2. 数据集
	4.3. 实验结果
	4.4. 消融实验

	5. 总结
	参考文献

