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MRFA-Net: a lung cancer CT image segmentation network based on multi-scale residual
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Abstract: Lung tumor segmentation from medical images is crucial for supporting diagnosis and treatment planning.
However, tumors exhibit substantial heterogeneity in shape, contour and size, which makes precise segmentation still
challenging. Therefore, this paper proposes a deep segmentation network named MRFA-Net (multi-scale residual feature
aggregation network). Built upon residual feature mining and deep feature fusion, the network aims to improve the automatic
segmentation performance of lung tumors on CT images. Specifically, two key modules are designed: the multi-scale residual
feature extraction module and the deep pyramid aggregation module. By extracting residual features at multiple scales and
fusing deep features, the network can capture representative tumor characteristics more eftectively. Additionally, a reverse
attention mechanism is integrated into skip connections to enhance the model's perception of critical regions. Experimental
results on the public MSD dataset and a private lung cancer CT dataset demonstrate that MRFA-Net achieves excellent
performance, with a Dice similarity coefficient of 74.15% and 74.77%, respectively. The proposed method provides an
effective solution for lung tumor segmentation and holds promising prospects for clinical practice.
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Figure 2 Multi—scale residual feature extraction module
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Figure 3 Deep pyramid aggregation module

TTPHE . fda Wk FERERAERRAE TP A £ 5% 22 5 32,
SEZ N RFESE G FE o s 4 dan it i SRRk 5]
N e RO L2 ROBE B B AL KN 4 il h
{7, e PENUR BORFIE R R80T
0, = Conv,,, (Concat (Conv,, (Conv,,,(f/)),
Concat(Conv,, (Conv,, , (f/")), (6)
Concat (Conv,,(Conv,,,(f/)))))) + Conv,., (/)
132 REFERGEE B4 AR B 6ERRFE
M) J7 58 3, € 7 i % 75 i 8 )RR SR B 2
OV RS B SS . VRZFFAE (B E2) 322200 i
Jiti B4 B S A5 B, MR Z4AFE (E3 (E4) W 5T 4 rh
T Iheg X RO 5 T i R H R AR
23 A1 55 A B )R, Sy sl f v S22 SR R IR AIR

TR, 7R SCHE Rl SR s mh (S0 B2 5 2% )5 PR )2
WIZFHIEHEATRA . B4, AR ZRHE 0 53R
JZFHIE QF AT G ER AR , DI 0 5 )22 1 SOOCHK s B
Ja WA FRLE S 5 OF FE a8 2 B PR S IE L5 4
FIE B R A . fELIERE b, 51 A ZS [8) i & I ML
DA i Ak Bif 98 AR S B 00 R AE 2 6 T AR AE E
F e R' "€ SRBIAT 2 R AL 5 4R
A, FRAT 23 [a) i) [ AR A 5 o T 55 A 3 48 R PR )
Z A R SE R H < W< 1 i as [ B R 1, 50 1t
Sigmoid PR ERIH — Tb 45 21 23 8] 7 B ACE H M.
2 if % tis A TR FRIE LA B AR P F AR
F=M,® Concat (CBR (Q;)® CBR (0})).CBR (0}))
(7)

4 RETEIREHRLFZEFHERMAMUER
Figure 4 Visualization of feature maps from multi—deep encoder layers

E1 B2 fP iy JZ AR 5 B S B 00 48 BE R 05 2. 5 1T E3 \E4 A TR AHAE BT S R b X0 15 42 2 i UAR B



7 , .MRFA-Net

cT - 925 -

1.4 REFEHEDR

WS Fies R e S e B e 5 | 28 OGTE
)06 TR v G0 300 2 S5l 22 R 2R YT, DA TR MR AR AT
FORM S, A B 4G TIOI 5] £5 Sigmoid U 15
FNEEIIE M RIEIRERE 03 AU B 25 R
T AR B S m T B IR IR R 1-M . R
R A o 7 7 e AR B AR NS DR,
SRR A B XS CAn g i %) AL EE > s F
1-M 5 i AR B F 347 0 3R O 3, 15 210 MRy
TEE Fe

FF=F®0-M) (8)
Hrp, @ FoRiy s M 4E R i oc R PR . iz Ll EE
fefi B BY FE J 252 b 3 e S i T 22 0k AR 0l ) 40 9 R
TE B ST L) S BN

FHAERI(F)

HRRFECF ) sy )

i it
BT (1-4)
: Ainir)

5 REVEEIRR

Figure 5 Reverse attention module
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Table 1 Comparison of tumor segmentation results on the Task 6 dataset of MSD

LY DSC/%  IOU/% Recall/% HD95/mm ASD/mm RVD/%
Attention U-Net 71.55 58.40 8129  62.6542 209761 56.6027
MobileV3Net 66.82 52.12 7466  46.1314  16.0926 63.0140
VGG16-U-Net 57.92 45.93 62.53 492081 18.2345 65.8783
TransU-Net 69.72 63.84 7772 347216  18.6894 60.5003
SAM2-U-Net 65.65 56.20 76.44 341684  16.9462 78.7486
DeepLaby3+Res50Net  67.47 60.71 79.94  60.1874  19.6579 52.1847
Y B 74.15 63.45 81.75 41.8791 154301 39.7536
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Figure 6 Comparison results on the Task 6 dataset of MSD
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Table 2 Comparison of tumor segmentation results on the private dataset

i) DSC/%  10U/% Recall/% HD95/mm ASD/mm RVD/%
Attention U-Net 69.03 62.04 80.49 425141  9.7344 43.5572
MobileV3Net 63.57 51.50 6528 527489  14.0164 47.5523
VGG16-U-Net 71.90 59.61 7490 444664  10.4849 387715
TransU-Net 72.11 60.87 7423 441517 117877 40.9634
SAM2-U-Net 71.87 60.93 80.71  46.6935 10.6459 52.0634
DeepLabv3+Res50Net  72.71 61.11 73.66 303990  9.0441 34.5859
AR SR A 74.77 62.33 76.18 36.4022 84271 32.7561
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Figure 7 Comparison results on the private dataset
W1 247 EAR 0 A A — AR s a: J5UIR CT IR s b: B SR TE 5 ¢ Attention U-Net; d: MobileV3Net; e: VGG16-U-Net; f: TransU-Net;

2:SAM2-U-Net;h: DeepLabv3;i: A< U5

Sy itk — 2L R R HERE A A 0L, B 8 45 T A
AR a4 | DSC 5 HD9S A 1 e o A f k. ]
PIWLEEE], 7E DSC $8F5 [, MRFA-Net [ 43 1 B 44 [i]
LA AL, A A A, LY A7 DX T] A X A
Ui M BE P T O DR E REAR IR S, TR A2
o o] S — S g . S5 uklElE, 7 HD9S 845
I, MRFA-Net [ #1057 £ B . T ¢, HLo> 70 75 BBl 4 /)
LW FR 215 B A M5 . DSCHETH S HD9S [
I B b [ B itE— 25 U B RS BN 8 T X3 &
KGRI T S i RE T
3.2 HEAKIW T
3.2.1 AT EREIENTR A TIEA A SR LA
A IR A5 2R FH I UG A ISR ) 75 vk

PEATSCHG o B e VAN FE LA AL AR IR 4G Bl CT ’I&
B bR o B MR BE  AE BE AL AR U AR LR AT |-
7SI MRF F1 DPA A5, 36 ik 1 A~ BE e i A7 880 | I
PR B B S8 W RE S T () PP

32 3 B, Attention U-Net 1 b JE2R W 2%, 75 A4
HEHRLE A DSC 4 69.03%,HD95 Jy42.514 1 mm,
ASD 7 14.2857 mm. 4 [ il MRFA-Net #1545
RO B PE RA AR BRTE I ALE 5 | B3R 9 2% 11
B BRI Hz b, 3 — A A AR Y 1Y) 43 E BB ) A5 )32
B Y el , DSCAS 20 $2 71 & 69.75% . FE LB Y
FERE F 3 4K SE 4N i MRF #55 Fl DPA A B, DSC 4%
2 5] 72.28% H172.97% , HD95 1 ASD 1 it & 5
E A S 7K



_ 928 — BRIES VR 22y Bl S 43 %:
0.851 =i
70
0.80 L
604
0.75 PRI ERST— .
) £ 50
8 0.70- - é
40
068l L. ... ...
0.60 304
0.55 ° 204
Atterltio1n U-Net TransTU-Net MRF:A-Net Attentiorn U-Net Tran;U-Net MRF;\-Net
a:DSC 7% b:HDY5 BEE 5

8 FAAIMEREE LMD R RED HALE

Figure 8 Boxplots of segmentation performance on the private lung cancer dataset
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Table 3 Comparison of ablation studies on the private dataset
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Table 4 Performance comparison of different kernel size

combinations in the MRF module
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Figure 9 Effects of number of parameters on performance

improvement
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