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Abstract

Medical image segmentation plays a pivotal role in disease diagnosis and treatment planning. How-
ever, existing methods such as U-Net and its variants still face challenges including insufficient
global context modeling, inefficient feature fusion, and high model complexity. To address these
issues, this paper proposes a lightweight medical image segmentation network, HFF-UNet (Hybrid
Feature Fusion U-Net), which significantly improves segmentation performance through three in-
novative modules: 1) an efficient multi-scale attention module to enhance multi-scale feature rep-
resentation; 2) a Pyramid Pooling Excitation Module to refine skip connections and mitigate the
semantic gap between the encoder and decoder; and 3) a Hybrid Feature Fusion Block to optimize
the feature fusion process and improve detail recovery. Experimental results on the publicly avail-
able GlaS and CVC-ClinicDB datasets demonstrate that, compared to the original U-Net algorithm,
the proposed method achieves improvements in Dice coefficients of 1.80% and 2.05%, and in IoU
0f 2.06% and 1.89%, respectively, while reducing the number of parameters by 92.20% and 82.45%,
and computational costs by 90.89% and 73.48%. Moreover, HFF-UNet outperforms existing light-
weight models significantly. Ablation studies further validate the effectiveness of each module. This
study provides a balanced solution for accuracy and efficiency in complex medical image segmen-
tation, offering substantial clinical application value.
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522 R B R AR A T A D BRI IZ W 697 LRI R S R 556 B E A .
AR, RS I HAR R R BRI 7 #EGE. 2015 4F Ronneberger 56 A\ [1]4& H! 1) —Fh & T 5w
%M #% (Convolutional Neural Network, CNN)FJ U-Net ZE#4E (5 HmiL 2% - il 28 20 RIBk IR iE 2 ¥t
BRARTE T BIRIKE B S A0, BOA B EUR B & SUBY . JR1T, U-Net 1) RS ERR ) 1492
WA E T ERRRET), Jihd s a8 R E R SRR 1TE LR . JE8idu# 77k, W ResUNet [2]A1
UNet++[3], 73 B8R ZEE AR E AT T RAEIRINGE 77, Z2Mf 1 JURFFIE RS, TransUNet [4]iH
454 Transformer M1 U-Net, FIH BEEIHURIIG R 72 R FE@EERE 1, 1T 780K . SR,
TransUNet [ I Bk EREE TR B M ETHEZ 21 )@ . SwinUNet [51454 T Swin Transformer [6]£1 U-
Net 4514, @30 E DN 74/ BN SCEBRE ), (BRI H bR 2 B3R A R

JRE U-Net S HARRLE IR BUE 0 #19U8EAS T R R, (HIE IEVIEE R BRI . AR SCEH AT
B EG S DTS HEL R wid2FAESE IR A IR BRERERETUAR . whth 28 A AR A5 287 fiF R
G ITE LR TT HAAERIAR[7], $eth 7 — P R 2508 KN 5 70 BIRCR R B A 22 BG4 1
W 2% 458 HFF-UNet, 7EMNATFEHESE IS 7 RIEFEIR . AL FE TN T:

1) EgASEMAL S 5l NTER L, R &R KB & /) (Efficient Multi-Scale Attention, EMA)
BR8], FEDRFFBURKI T A FEAI 28 0 [Ny, v R 300 0 A 2 B 4E P2 (128 BLAR B o
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2) NGfE I A8 5 AR A8 ) E SRR, Rk R A W T IR T T R AE AR 3 B R (Pyramid
Pooling-based Excitation Module, PPEM). K H wht a5 1 RHE B AT I/ 1%, ZhAS AR E .

3) TEfERG 5 Bk BRI B AL B AR AR B TR A I, ARG EE P2 0 at, B8 H — P DAk
ERIEAL AL 5] 5 TR A R E A & A5 B (Hybrid Feature Fusion Block, HFFB), Fi 4% i3 iy >k A0 =5 (8]
B XE B AR PR FoRFEIZIRE e, G RERTHNT B ARG (S SR A

4) 1E Glas 1 CVC-ClinicDB PIANA T 546 FIT RSy, Sie 25 AR A SCHE th I 7 VL RE B AL 2
HESoEEE, BAASRNHIER . JRid i SR E 15 AR A R .
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Figure 1. U-Net network architecture
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EEER, NI RBEEAN G, S HERNTTHE . Valanarasu 55 A [9]7E U-Net [/ %%
i b, 32 Tokenized MLP HURH RO #4E, 56 GHUNZ ZEBAMLR S, Wit T —FEr.
W HBRERN D EIME UNeXte AP MLP Hez (BRI H T 5 7] 43 2545 7 (Depthwise Separable Con-
volution) 4w i A7 B A5 2. IR/ B EF R ET 2017 4/ Google #£H![10], 7E MobileNets[ 1 1] 45 15
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Figure 2. Overall architecture of our method
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Figure 3. Structure of the EMA
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Figure 4. Structure of the PPEM
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F A% 90.89%. 7E CVC-Clinic _F#2TF 2.05%DSC/1.89%I0U, SR [4 82.45%, it EM 73.48%. ¥
B/ATHEER Unet++. AttU-Net Z5HFEMK 80%LL . MHLH R ER UNeXt (0.439GFLOPs), HFF-UNet
(2.802GFLOPs){E GlaS |1 3.38%DSC #15.21%IoU #& Ft - | 4fi ik HFF-UNetS (0.766M Z:%§, DSC87.92%)
PLEE /D22 4045 ULite (0.878M)H& T+ 2.29%DSC # 3.39%IoU-.

Table 1. Comparison of our method with other methods on the Glas dataset

2 1. RTF3EE Glas BUBE S H b 75 ARNTEE

it DSC/% 10U/% ZHEM FLOPs/G
Unet 88.35 +0.26 80.71 £ 0.24 17.263 30.768
Unet++ 89.30 + 0.64 81.52+1.04 9.16 26.723
AttU Net 89.39 + 1.07 81.81 = 1.66 34.879 51.015
MultiResUnet 88.99 + 0.60 81.10 £ 1.02 7.238 14.281
UNeXt 86.67 £ 1.00 77.56 + 1.41 1.472 0.439
MedT 78.55+1.84 66.66 +2.39 1.371 1.950
HFF-UNet (OURS) 90.15 £ 0.41 82.77 £ 0.64 1.347 2.802
ULite 85.63 127 76.11+1.79 0.878 0.580
HFF-UNetS (OURS) 87.92 + 0.84 79.49 +1.21 0.766 1.707

Table 2. Comparison of our method with other methods on the CVC-ClinicDB dataset
2. ARIF5ETE CVC-ClinicDB $IBE S H b 75 R M5t

B DSC/% 10U/% ZHE/M FLOPs/G
Unet 90.06 83.96 7.675 10.564
Unet++ 91.39 85.14 9.163 26.723
AttU Net 91.44 85.25 34.879 51.015
MultiResUnet 89.5 82.52 7.238 14.281
UNeXt 85.36 77.17 1.472 0.439
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gk
MedT 81.72 71.69 1.371 1.950
HFF-UNet (OURS) 92.11 85.85 1.347 2.802
ULite 86.08 77.86 0.878 0.580
HFF-UNetS (OURS) 90.72 83.62 0.766 1.707

SrEIGE AT AT ] 6 B, S5 9K 7F GlaS #i4E b, HFF-UNet % IR{A S 4430 SR £ 1

ZERI 5 BRSO BT U-Net F1 UNeXt, 1405 EMWi & H# 5 . £ CVC-ClinicDB % #54E -, HFF-UNet fig

AR PR EE B R X Sl , i 2T LT AttU-Net A1 MultiResUnet. LL GlaS $#54E 55 — 471K

G, HABRRAESE 4B AL N AW R, T HFF-UNet %56 % . Bl CVC-ClinicDB %4 4

JG AT, HAMBIRLE 2T A X R4 E), HFF-UNet &5 AL, X U0E thmass 15 e 00—,
$9F 1 HFF-UNet 7£ 8 23750 T &40 7 5 1 fe

L A
RSSO

Original Image Ground Truth OURS ULite UNeXt MedT ATTUnet  MultiResUnet Unet Unet++

CVC-Clinic
DB #i#E 4

"3 ‘ | e f
alalalala

Ground Truth OURS ULite UNeXt MedT ATTUnet MultiResUnet Unet Unet++

Figure 6. Comparison of segmentation results of different models on the CVC-ClinicDB dataset

& 6. FEERSFHFE Glas F1 CVC-ClinicDB #iiE&E ERI D EER 3t

N HE— A 7t PPEM REHLTERHE 57 1% 5 RFAE A5 38 A0, AR SCHE T SE RS HUAR e P Rl ik b A
Bt hrvE SE AR At 4 55 2tk (Global Average Pooling, GAP) I [E G B IR : i K45 S84 ki 5 B %
R PR BERUBMEAJE o AT 2 RIZERHESG SRR : K GAP 542 R S Rt A6 (GMP) HAT XU A%
AL, DB SR R B R SCRHIERIBRE ) Horb, VI RAINMERR G, V2 RAEE RS .

H W Fh it 7 v N T UNet BEERIERE 5 SE Xf b, SEiess Fine 3 fioR, SLieR i DSC/IoU )
T SE, WAIF T 2 R EEHER SR A 2, I8 PPEM BTt THR4E. #—2H, PPEM 1£ GlaS 3
a4 b 556 HEE R SIWLHI(ECA [26], SE, CBAM [27], CA [28))%FtbiiR, /DB INSEENRTR T,
DSC/IoU ¥45 W3 42T+, Hrh, PPEM # SE #£7F 1.17%DSC 1 1.68%IoU.
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Table 3. Comparison of PPEM with other different attention mechanisms on the GlaS dataset
% 3. PPEM 7 GlaS $iR& L SHMARIEE NSRRI LL

it DSC/% 10U/% ZHE/M FLOPs/G
\%! 87.49 + 1.83 78.86 +£2.56 0.5256 1.2487
V2 88.19 +0.77 79.90 + 1.08 0.7001 1.2489
ECA 87.92+0.71 79.47 +0.95 0.5147 1.2487
SE 87.13+1.20 7838 +1.72 0.5256 1.2487
CBAM 88.14 +0.39 80.05 +0.58 0.5259 1.2553
CA 87.51+1.03 78.86 + 1.55 0.5272 1.2527
PPEM (OURS) 88.3 £0.27 80.06 + 0.38 0.5418 1.3734

RN ASCRA T Grad-CAM [29/WEAANFRE R B AT TE, FIAE 75 3 A A L s
2 W E 7 PR BT AT R — MOER = EX R (ORI E B AEEE R RBERIIE).
SiRURIR, AR PPEM BE ARSI SIAZ AN A bnE B, AR g% as - MID SR 1Efeid, IR
BIURE BT

Bel. Aft. Final Conv Bel. Aft. Final Conv

B
)i}
PPEM(OURS) AR
' 3

Y L

ECA

SE

CBAM

CA

Vi

V2

Figure 7. Grad-CAM visualization of attention maps
7. Grad-CAM AI#ALFEH1E

4.5. JHRASCIE

IR B BTk, FRATTEE GlaS fl CVC-ClinicDB #3E4E Fib4T T R Bhsess, seibss 2
£ ARME S5 Prw.
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Table 4. Ablation study results on the Glas dataset
= 4. 7 Glas BUEE LIHRASEIRIZER

EMA PPEM HFFB Dice/% ToU/%
1 84.84 74.80
2 v 87.18 78.35
3 v 86.31 77.19
4 N 88.11 79.78
5 N N 88.3 80.06
6 N N N 90.15 82.77

Table 5. Ablation study results on the CVC-ClinicDB dataset
% 5. 7€ CVC-ClinicDB (4B FiHRt SR A 45 R

EMA PPEM HFFB Dice/% IoU/%
1 89.36 82.12
2 N 91.21 84.60
3 N 90.06 83.17
4 v 90.48 83.52
5 v v 91.62 85.27
6 v v v 92.11 85.85

Table 6. Module computational cost analysis

6. RRHBERADH

Btk ZHE/M ZHE b FLOPs/G FLOPs (5t
EMA 0.01 0.75% 0.20 7.14%
PPEM 0.02 1.49% 0.12 4.29%
HFFB 0.80 59.70% 1.43 51.07%
Baseline 0.51 38.06% 1.05 37.50%
o 1.34 100.00% 2.80 100%

7£ GlaS $¥E4 |, EMA fHUR T DSC £ 87.18% (+2.34%), ToU & 78.35% (+3.55%), FHH: i858
FRE 223 A Rk #E CVC | EMA 14271 DSC1.85%, [0U2.48%, 2% B3 3& 1 . PPEM HJH 32 T+ DSC1.47%,
5 EMA A1k DSC88.3%, 10U80.06%, ARG X 7M. X HFFB £ GlaS #£7 DSC % 88.11%
(+3.27%), TE CVC $&JF ToU % 84.60% (+2.48%), WiEBkERT] Sakd . eI AN SR LR R
(G1aS:DSC90.15%, 10U82.77%; CVC:DSC92.11%, I0U85.85%), #IXUMRLLL A TF 1.85%DSC, IEH] =44
HREAME: EMA SRR EHREL, PPEM UALAFAEAL%, HFFB B/ & & .

WA 6 W LLE BRI = AMEIR T ERAS K40 A, EMA Al PPEM DIARAR I THE I8 W25 18 7 1
RHESRI SR E 0%, R0 I T 4% & m A0ke k. HFFB AR R 5151 s 0 FRR e e R & S 401 Ik
Rz O, Bt i 51 3 2R S AR 75 A0 B B OR R OB, RO SAS 35 s T AR, R
THFEE B VIR, (E 2 MRS i 45 5T DUR BUE X B 20 BE SR THIG B 3 ik, E iz R
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O A EvE . = WA TAE, SCBL T VRS S BRI 54 .
5. &g

BEXTELA A2 R i, RHERE S AR B AL BN, ASCREH 1 — R B g 22 R 7 B R 45

HFF-UNet. HAZLEH(EMA. PPEM. HFFB)A R FHFHEIR ISR & EE 7). £ Glas 1 CVC-ClinicDB
AR EIUS SR R SRR RSP, RS HE R T SR bR R SCHF .

E&WE

B TR R 228+ )\ 2 AR i K A 4 T H (X ZJJ2024043).
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