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Abstract:  As a distributed machine learning paradigm, personalized federated learning can realize the collaborative
training of multi-client models without leaking the original data of the client, and has become a research hotspot in the field
of medical image intelligent processing and analysis. However, the existing personalized federated learning methods mainly
model client relationships through global collaboration or clustering group collaboration, and their overall collaboration
granularity is coarse and lack of flexibility. In recent years, personalized federated learning methods based on collaboration
graph model the collaboration relationship between clients by graph structure, which can achieve fine-grained dynamic col-
laboration and effectively alleviate the inherent defects of global collaboration and clustering collaboration. However, it on-
ly uses the amount of data and model similarity to update the client collaboration graph, and does not consider the inherent
high uncertainty in the medical image segmentation task, which makes it vulnerable to high uncertainty clients and reduces
the segmentation accuracy. In order to solve this problem, we propose a personalized federated medical image segmentation
method based on uncertain collaboration graph and dual-layer aggregation mechanism in this paper. The core advantages of

this method mainly include two aspects. Firstly, an uncertainty penalty term is designed and introduced into the server-side
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objective function to optimize the updating process of the collaboration graph, and generate an uncertain collaboration
graph suitable for the medical image segmentation task. By dynamically adjusting the collaboration weights between each
client and avoiding knowledge pollution caused by high noise parameters, the stability of collaborative training is effective-
ly guaranteed. Secondly, a dual-layer aggregation mechanism based on uncertain collaboration graph is proposed. The first
layer of aggregation realizes the local collaboration of clients based on collaboration graph, and mines the effective knowl-
edge between similar clients. The second layer of aggregation balances the generality of the global model and the personal-
ized requirements of the local client by fusing the local collaborative results and the global model, realizes the effective
transfer of high-quality knowledge, and improves the segmentation performance of the client-side local model. In order to
fully verify the effectiveness and robustness of the proposed method, a large number of experiments are carried out on four
public polyp segmentation datasets. The experimental results show that compared with other advanced medical image seg-
mentation methods, the proposed method achieves better segmentation performance on multiple client test data, which pro-
vides a new technical solution for personalized federal medical image segmentation in clinical medical scenarios.
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er aggregation; evidence theory
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G, T A R0 T T S 6 R B e 0 & 2% 2 1 i 114
ZALRE ST
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3.3 XUREESHILE

ARSI B R A5 B B R - Intel (R) Xeon (R)
Gold 6326 CPU, 50 GB 17, NVIDIA Tesla A30 GPU,
24 GB W AF . S2¥ GraphFedSeg Fir fdi F B 18 1 2% > HE
Bk PyTorch. GraphFedSeg & HI 9 43 % [ 2% & 2D
UNet, fii Jil Adam {Ji £k #5 Y 5 Jo) A6 R, 2 5] k%
9 5%107, Batch K/NE Ry 4, 7551 25y = 0.4, & &
4= 0.2, Y% GraphFedSeg FUIBEFES 714 %4 T = 250, 7%
Ho Il 2% Epochs B H 2.
3.4 HEMXBEDHW

7843 B IE GraphFedSeg 145 B e 1 A 3 bE |, A

SCAE R RIER AR Bt TR . B, R
FedAvg 1E b 7 SCIH fil 52 56 19 Baseline . H:UK, 78 I 3
filt b, 2 RS )RR Y 326 7 5C 2R 5 2 B OCIRAR S
P AR B Al E P AR I (UCG) XUZE R & B
(DAM) , 3 J3 1) 56 T0E 45 A4 35 45 452 P X455 780 1 B 11 5%
We o [R)ERE, S 0 DR S0 56 20 P, A DR AR B BT U8 i A
o g H A 2 56 25 R CAn N 2% S 8088 2R Rk
B B AR ) — B, a8 N [F] R
ZH A WS I G5 R AT X 5 4 B, B A AR R 1 ST
YE I IFAR 5 A5 L 8] B8 Bl [R) 200 o 7 2 TR 70 1 B 4R
R Rl SR S R AR 1R .

R1 ERASRHEE LHERMIBER

Table 1~ Ablation experimental results on the polyp segmentation dataset

Baseline | #MER | UCG | DAM Dice/% (1) HD9S(L )
cl c2 c3 c4 Avg c1 c2 c3 c4 Avg
N x x x 85.02 | 7582 | 82.19 | 88.92 | 8299 | 3501 | 4322 | 26.15 | 2251 | 31.72
N N x x 8831 | 79.33 | 8216 | 89.01 | 8470 | 3245 | 3594 | 3245 | 2456 | 3135
N N N x 87.72 | 84.65 | 8241 | 89.02 | 8595 | 3519 | 1649 | 3239 | 23.62 | 2692
N N N N 89.10 | 8447 | 8435 | 9047 | 87.10 | 3120 | 2238 | 2524 | 2093 | 2494

T LA R IR R, 1B C4 5350 4 %0 3, T 3807

32 1 7, Baseline [°F ¥4 Dice 15434 82.99% , -
BIHD9S by 31.72, REAS 78 LA (1 B A 4> HIME 5. (H
S E TN B 2 A (& P o C2) B A 0 B AR R
£, TOIE A DX I 7 6 A 0 1 2 s 00 L G A 8K
KEFEF=5 ]

1E Baseline B Al 5] AWMER Z J& , 1 Dice
T 2 84.70% , M4 T Baseline #2155 T 1.71%, *F
BIHD9S B % 31.35, X 3R W UM RIS HGE o i 8 &
Fu Z (B B PME R R, BEUS A U & 2% P R R
LT BIPERE , JUH % s C1 A C2 1Y 2l 35 L4
o AH R AR LA B B AN [ & i A i T
BCRAEAE 2 5, B AREETHIR B LA R

TE “Baseline+ WM E & " /9 3L AE 5 AN 8 2 1 E
TG, &% P u e 8l TN BE T 5IA
AT o R A T S 0 S 35 Dice TH & 85.95% , 1 # T
“Baseline+ I E B " 7 2 T+ T 1.25%, °F ¥ HD95 [%
2692, FFET 4.43, 3 B RO ON B 1 A
TiUA] A I 4 P i i JE AT S Sl o ek DM E IR
BAG B R AL TLor FI M RE U H B R T T & o C2
MR, RIEAE /N T % P om0 . X vl T
AN A PR A T I A R

R INAUZ R ALK S, C2 19 Dice F B HD95
T, AT RE S BT RUZ B A AL HCE i AN
fTT 22 5 % P s Bl TE RS 1 LS B0 BOR T
e H B A vk, S BCR A5 AW T A 8UE B
;. B ZEAERE, 5 ABZRA P I B R

SE- 2 Dice ik 3] 87.10% , #H % T “Baseline+ fIp /E K + A~
B E MEAE T 4R TF T 1.15% , F- 2 HD95 [ & 24.94
TRET 1.98, 3k B X2 B A ML o p fh AR R 3R
A 3, BERE T 70 43 Mo A2 4 AR 22 7 s 0 I IR A
BT TR A RIPERE . S4B S
AN S UM R T B4 B B R R (6 7585 50 7
255 S ) 2 B0 TN B 5 LA S, FE A BRI T AR SR
A e 2] A DI R A R
3.5 LB SaHh

T ik GraphFedSeg 1A R , A< SCHE B A
EIBAEEE K GraphFedSeg 5348 )7 ¥k FedAvg " DL
12 e HE R B 24 2] Jy vk 04T T i . 12 R Je it vk
A RAR Y A =2 55— 2 R BUREE & P ons [) B4
I3 A AR EI PR L L35 FedDG™ | FedProx ™5 25 2%
Jr ik R EE R T RIS HOR A AL U
% FedRep ™' . FedBABU'™'' FedGKD'#! FedCLAM'®'|
FedEvi' )5 85 = 25 32 20 7% & AL 8 19 ek, f0 4%
Ditto' ! . FedDP'**!  FedLC'®' . I0P-FL"*") FedLPPA'*',

SR R B SIE 5 1R A S T vk R R AR [R] 1)
SR E M AR A PSR R ] A B 3 i R
W& o PFAR 48 F1 2K FH Dice R 5UAI HDOS, fir A 7 i1
fifi F U-Net E N % P13 AR #o R 4% . GraphFedSeg | £k
7775 FedAvg B 12 R 5e E 77 46 B R o BV EHE 4 11
Ay EIEERIE 2 IR,

ME2AUEN EX P imCl.C3 /M C4 1,
GraphFedSeg ¥ YU 75 1 % (5 (4 Dice 43 %4, 43 5l
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Table 2 Segmentation results of GraphFedSeg and other comparison methods on the polyp dataset

Method Dice/% (1) HD95( | )
ethods

C1 c2 C3 C4 Avg Cl 2 C3 c4 Avg
FedAvg(AISTATS 2017)" 85.02 | 75.82 | 82.19 | 88.92 | 8299 | 35.01 4322 | 26.15 | 2251 31.72
FedProx(ICML 2020)" 85.04 | 7331 84.26 | 9024 | 8321 34.10 | 51.04 | 2529 | 21.81 33.06
Ditto(ICML 2021)#! 79.85 | 85.65 | 79.56 | 88.62 | 8342 | 4240 | 2242 | 3597 | 22.18 | 30.74
FedRep(ICML 2021)! 78.75 | 88.83 | 8323 | 86.91 84.43 | 43.24 17.50 | 26.83 | 22.81 27.60
FedDG(CVPR 2021)" 8544 | 80.36 | 83.77 | 88.66 | 84.56 | 34.59 | 3044 | 28.04 | 2096 | 28.51
FedBABU(ICLR 2022)"!! 85.70 | 83.21 83.65 | 90.16 | 85.68 | 38.62 | 2039 | 29.32 | 2196 | 27.57
FedLC(ECCV 2022)*" 86.07 | 8226 | 84.12 | 9044 | 8572 | 41.23 | 23.78 | 3097 | 21.20 | 29.30
IOP-FL(IEEE TMI 2023)3" 86.08 | 82.35 | 81.42 | 88.12 | 8449 | 39.16 | 22.08 | 32.09 | 22.28 | 28.90
FedGKD(IEEE TC 2024)* 83.07 | 83.34 | 80.24 | 90.05 | 84.18 | 4241 23.81 30.50 | 21.32 | 29.51
FedDP(IEEE TMI 2024)>" 84.15 | 89.21 83.95 88.46 | 86.44 | 41.73 15.04 | 2688 | 22.09 | 26.44
FedEvi(MICCAT 2024)* 86.78 | 85.84 | 84.11 89.31 86.51 37.18 | 22.69 | 25.62 | 2258 | 27.02
Fed CLAM(MICCAT 2025)*! 84.49 | 86.69 | 8321 90.25 | 86.16 | 40.20 19.60 | 27.56 | 22.60 | 27.49
Fed LPPA(IEEE TMI 2025)* 87.21 86.35 | 8230 | 8895 | 8620 | 3522 | 2560 | 2825 | 22.18 | 27.79
GraphFedSeg 80.10 | 84.47 | 8435 | 9047 | 87.10 | 3120 | 2238 | 2524 | 2093 | 2494

89.10% . 84.35% .90.47% , FedLPPA 1£ % ' ¥ C1 b Ky
87.21% (HEZE —) o 7EF F'3it C2 I+ FedDP [ Dice 534X
L) 89.219% 45 4t , GraphFedSeg M 84.47% GraphFedSeg
- 34 Dice 1543 LA 87.10% 137 J& 45 1 , 4 FedAvg $2 Tt
4.11%. M HD9S 45 F , 7% F % C1.C3.C4 L,
GraphFedSeg 73 5l 1 31.20,25.24 ,20.93 N £t % , 7E %
Ji C2 |, FedDP LA 15.04 A1 f2 /. GraphFedSeg [
I HD9S LA 24.94 A%, 5 FedAvg FEAIK 6.78. 5 I+,
1E -4 Dice #1 HD95 I+, GraphFedSeg Y2 #8 % 1 Fr A5 X}
b B T B B4y EI PR

GraphFedSeg 5 HoAth XF Eb 7 2% 1 AT 016 7 1 245 51
w2 s . HIE 28] LA Y : GraphFedSeg 76 A [] %
FI A 2B A A E T R B e . Bk X T
Pt C1HRRAE B Y B RE AR, H o B 25 R AE X
W7 55 S AR Al SRR R B X T A O vk e dn
FedAvg X} 5 31 2% 109 43 FV A, T GraphFedSeg fig
NS V) 0 AR G L RN P €2 b B AR
M R FEA R4S AR AR R AN B35 {05 FedProx
ST EE , GraphFedSeg fiE B 47 Hb il 12 B A 19 K 2L
0 B el 20 R 1 RO T B0 o B R A R
B C3 BB A0 B WA FedGKD %5 5 14
25 5y 1 B o BN 3% 2 1915 O, FedLPPA Fll Fed CLAM
S5 VR BN 52 8% | GraphFedSeg [ 43 H) 45 5L 0 452 3
BLSChRZS . X T & P C4 PR AR g 1 B L RE A
GraphFedSeg 5 FedGKD .FedRep ST Y 43 g HLER
AN ER , HAE B A 5 PB4 400 A0 fld Bk e BRAR
5, 1M FedLPPA Fll FedEvi 4 7 i M R B A% Hy itk m]
W, , GraphFedSeg 7 A~ [F] 28 7Y 5 R A A 11 X Bl 7 55 A1

A AR T A R B
3.6 BSHITIE
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1 B RTRUZ A HLE 138 TR0, X 5 2810 431 14 g
BEREE, R THITILZ W, ARSI S 500 B 52
5o BEXT RS R BORAER ST R AL 7 e A S S8
FIRTHE T, DL 0.1 25 K 78 15 i L P 2 A7 46 ) B o)
BE, [a] B} 55 6 B 19 SF 2 Dice £ 805 HD9S {1, E 1
G AT 8 S BB Sy E P B ) 5
3.6.1 EFTRE

TEVME BT Ak B Ar R g b, Sy T A e 0o g
AR M OME R R AN SN EE
F s B B, AS SCER I T A A a2 R A S 0, R e A
FHy AT REETRE . Tk s s R 48 57
588 85 0 T B T 0 DAL AR 45 7 A AN I S i), AR SC S50
By BUE S B A [0, 1.4], % 7 3 19 °F 34 Dice DL K&
HDI5 B y 1922 fk a5 an ] 3 i .

B 3R LUE H e, FE MR AE ST X (|1 [0, 0.2 1/
TR A M 55, i AN B M 2% P oy (T ARS A] &
T SRR ) 1 T W R AT R R PR A BRI P
# . WCEPR AW PIR AW R 3800 H1 X — Bk
ZHBFRER, KR FEENXE[0.2,0.5] 11E
R R I v, WA A0 i i AN B o R 2 i g T T
P, AR B TR 2 M il A SO e y = 0.4
it PR P T SR B R A . DR SRS R R e
1, 0 DXk — Bt 5 3 B TR A e, iR B T
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Image

Hh EETBAREA 5K % P35 Cl, €2, C3. C4; (a)FedLPPA; (b)FedAvg; (c)FedBABU; (d)FedDG; (e)FedEvi; ()FedL.C; (g)FedRep; (h)

Ditto; (i)FedCLAM; (j)FedDP; (k)FedGKD; (1) FedProx; (m)IOP-FL.

&2 GraphFedSeg SH AR H v A A G R

Figure 2 Visualization of GraphFedSeg compared to other methods
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3.6.2 BAERH
3 T A 22 M M B SUZ R AP mlA
RBUE VR Rl R A 5 B R R G L2
B, JFL (R L A ke T e 2R G O W 1) R T L, 0 T
AR ) Ay EI MR RE . 2 BUEYE LR [0, 10, & 77 i 1)
34 Dice LA K HDOS Bifi 4 1 A48 fb #a B 6] 4 i 7w .
WLEZ ] 4 rp (SRR B4 mT LUE Y - BB 2B S B
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Figure 3 Plot of average Dice and HD95 versus y for the client
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BARMIE 24 A BUETE 0.2 BE I i, e fe P17 42 Jmy 3
VAL 18 5 R A E AT 2K, 24 Dice 3k 2 {H  HDIS
ek 2 B I 5 T 244 A fi 12 X — DX TRDJE H 2 1) 18 3T e, A58
T 2 o B o R 2 o — SO O T AR 1) 555 X 4% i
R R 23 7 oK 38 HE RE ), fe &A1 34 Dice R %L
BT T B CHDOS 32 # 1Tt 73 i X s — otk S i 5
WY st . AR R i TR R A BEAL I =R
AR T /NI Bl EUR AN 23 U 4 JRy — S AR R
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Figure 4 Plot of average Dice and HD95 versus 4 for the client

3.7 AHEMITEFEIILE

R T A R 2 TS iR P BE S T A
B0 B T UE SR BUS 01 MR TH R T R R T SR
K% Dropout B A /& PEIH B I ik #E 4T T XF L SE 5
=3NS EN R RE RN S TR A PO AT R, M T
PRAUEXT LY 52 55 19 2 -2 | {CH GraphFedSeg 1 1 AN ff
FEPETH R R 50 5 T 5245 R 2 Dropout YA 72 P 3T
BT Hoh SR B R R AN
3.7.1 {EEEXTEE

Horh, X 5245 K % Dropout 77 HEAT T 10 YR AE
AT 8 7 i 1) 43 A BE LA B DU AN 7 ik 1) S 24k g
3w,

R3I ARETHEMT EEREXTLL

Table 3 Performance comparison of different uncertainty methods

Dice/% (1) HD95( | )
Jrid
Cl c2 C3 c4 Avg Cl1 c2 c3 C4 Avg
Z2H5K % Dropout 84.99 87.92 84.90 89.33 86.78 39.42 16.51 25.23 23.77 26.23
JEYE S 89.10 84.47 84.35 90.47 87.10 31.20 22.38 25.24 20.93 24.94

M 3 T LA 2R 2R 45 15, F 3 28 A0 S
¥ Dice 85Kk % Dropout & 0.32%, F- ¥ HD95 ik
1.29, 7F DX 35k 56 3% 1 R UK 40 5 B ¥ s B T,
L AE B 1 KL IR A (B Y & o C1 R C4
I, Dice 43 $I140 4% 4.11% F1 1.14% , ¥ R e £ ot by
P AR A0 BRI BRI 4 7 oK o
3.7.2 FFEEXTLE

R T R — A B UE T UE I PO A0 A H E v
FHEREIT R h R E AT HS R R
Dropout (5 ¥ . 10 YCRAE ) 78 B] 8] FF-85 F1L2 A7 7 FH W 7
T X b S . FLrp ) 58 B I 2R B BT ] R — A
Batch A 204 I 5 I 6] , GPU {77 2 48 45 2 113 i 7%
W GPU S AF MR Ry . RS RNk 4 iR .

MR 4 (45 53, WLLF PUAS 7 2474347 o

(1) 5 il #3820 26 < G 95 3898 09 1T 1) A% 75 B (7]
(4.80 ms U N FEFER Y Dropout (5 K RFE) Y 18.5% .
5 R % Dropout (10 YR AE) 19 9.6% , B IR Hi: 2L 2 i
TG 5 FF R~ & Dropout, 3 J2& A R IE 4 #HLiE To 75 2 Ik
BB 0 R A, A3 ek B YR 1) 1% B i Y Logit )
it AT SRR (B S 5 A B T R S T

(2) AN 5 P TSR0« A I 1] A% 48 + S W o
THE Y B B] D7 1 IS BR (14.22 ms) B SERF R
% Dropout5 WK HE (32.83 ms) [&AK 56.7% , 2 10 K %
FE(57.51 ms) AR 75.3% . BRIRF ~F v A 4800 15 1
JIT A % 7 v [F] 20 56 AN B 28 VTR0 EAR 5 2R Uk
BRI (] 45 T ki e DKL 43 2 g 1A 4B R
B PME R, B T4 R U 2R

(3) S BN LR A% 3%  E 48 B8 1 58 BN 25 20 BR i
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] (41.84 ms) %% 52 4% £ % Dropout (5 YR £ ) 17 44
35.2%, 85 10 IR BETT B 51.8%., 1 250 58 BRI [0l &
B YN Hp SE 4 B8 T 25179548 U 2R ] 24 3.4 h (A
BT 10UCRFE) , Rlm 46 T BRI 258 1

(4) A7 5 SIS FE Y GPU BA7 4 (150.39 MB)
5 5245 K % Dropout (151.39~152.64 MB) J£ A8 3 5% H.

BEAG . X KU B IS LM B R B R
St " = AN B M AR G TR B R AR B B A7
H 5 52 55K % Dropout B & 77 o5 FH Bl >R B v B3 Jin
W& A T (10 YRR FESE S B hn 1.25 MB) , 1fi i #%
RIS Y B AF 5 R, T R AR WBIOR 56 1 & Ak
A

R4 AETHEMET EFHITLE

Table 4  Overhead comparison of different uncertainty methods
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Figure 5 Client-side aggregated weight dynamics
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