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Segmentation Model of Colon Polyp with Lightweight Dynamic
Multi-Scale

LIU Zesheng', YU Benguo™, LIU Zejin'
(1. School of Software, North University of China, Taiyuan 030051, China;
2. School of Intelligent Medicine and Technology (Big Data Research Center),
Hainan Medical University, Haikou 571199, China)

Abstract: Precise segmentation of colon polyps is crucial for early screening and clinical diagnosis of colorectal
cancer. However, large variations in polyp size, shape, and boundary characteristics, along with low contrast
and blurred edges, make it challenging to balance segmentation accuracy and computational efficiency. To
address these issues, a lightweight dynamic multi-scale segmentation network (LLDMS-Net) was proposed.
The model adopted a U-shaped encoder-decoder architecture and introduced a dynamic multi-scale module

(DMMD) in the encoder. Specifically, global average pooling and a two-layer fully connected network were
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used to generate adaptive weights, enabling dynamic fusion of multiple convolution branches with different

dilation rates (1,2, 3) and a standard convolution branch for adaptive multi-scale feature representation. A

structural re-parameterization strategy was further applied to merge the multi-branch structure into a single 3 X 3

convolution during inference to reduce computational cost. In addition, a regional detail aggregator (RDA)

and a comprehensive context integrator (CCI) were designed to capture local texture details and global semantic

dependencies, respectively, and were integrated in the decoder via a hierarchical late fusion strategy.

Experiments on Kvasir-SEG and CVC-ClinicDB datasets show that, using only 800 training images from
Kvasir-SEG, the proposed method achieves a mean Dice coefficient of 93. 65% and a mean IoU of 89.39%,
with 6. 54X 10° parameters and 7. 23X 10" floating-point operations. The results demonstrate that LDMS-Net

achieves high accuracy and robustness while maintaining a lightweight design.

Key words: colon polyp segmentation; lightweight; dynamic multi-scale; feature extraction
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X} F Kvasir-SEG ##li % , LDMS-Net 7£°F)  7.23X10°, /M FHAHR, K 4 JB/R T LDMS-
Dice tHELZHL . I L L MERPRGEIE RS LI Net 78 5 AR AE LAY Tl b sl 0 B S5 51 | AR5
B, AR E T 93.65%, 89.39%, 96.30%, th HEAET I B R EACFRERE S . AETRT LA
FHABBA, S HE A E RN 6.54X10°, i, LDMS-Net AEMS 5 AR bR 51 8 A Y4 E
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Tab.2 Comparative of different models on the CVC-ClinicDB dataset

A mDice/ % mloU/ % KR/ ARE/ % WERE/% FLOPs/10° Params/10°

Unet” 89.92 85.02 87.72 86.95 96.43 55.36 32.13
Unet-+ -+ 91.50 87.93 89.03 88.71 96.46 35.31 9.23
ResUnet!' 90.64 82.26 80.50 83.51 95.10 81.25 13.83
TransUnet"” 84.87 76.81 75.43 77.01 97.45 37.84 87.16
Ssformer'2’ 91.41 88.47 91.23 90.91 98.32 42.33 29.57
ResUnet+ 27 91.02 82.81 83.03 82.62 95.37 70.89 14.37
Swin-Unet''?) 81.30 71.94 56.74 69.41 88.26 11.49 41.67
Deeplabv3+2) 94.57 90.08 86.87 88.11 96.64 14.57 7.24
HarDth MSEG®! 91.22 88.09 91.62 90.79 95.78 6.09 3.51
U?-Net®” 92.31 89.25 92.00 91.57 96.08 34.25 43.75
LDMS-Net 94.75 90.17 90.76 90.50 98.41 7.23 6.54

@4?&%r¢¢ﬁ%ﬂ&ﬂhﬁuﬂm@ Zi b, U T ALY AR R T A g VA 0

5y, %ﬁfﬂﬂﬁﬁmuﬁﬁﬁﬁ%m e, TS TE MR R IA 2 10 A X 4 ul HA P4 48
\%ﬂLﬁmu XU B LDMS-Net 7640 B &, A PR 280 b, FR R R A B A3 AT 55 v )

Iy HEE S5 I AT R A BE ) HPERE
Image GT LDMS-Net  U*-Net H“DN‘“I Deeplabv3+ Unet++ Unet ResUnet++ ResUnet TransUnet Swin-Unet
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LT
G nnlnnlnlalalalnlnln

(¢) CVC-ClinicDB i 48 iy %) 2% 5

frelelejelelelelelefe]r

LA AEEREENE RN

(d) ETIS-LaribPolypDB %4/ £ #5173 1 45 1

-]
e - -

(&) CVC-300 Fif 45 Ml 43 F 25
F4  RFEEEESE L nT ik o2

Fig.4 Visualization of segmentation results on different datasets
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2.4.2 HENAE

e 3l Unet /E M3k, Bon T AR Xf
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Tab.3 Impact of each module

Unet A RDA CCI mDice/ %% mloU/ %
N 89.76 82.68
J N/ 91.34 84.77
J N/ N 92.01 86.40
N N/ N 91.93 86.18
N N N N/ 93.57 89.15

4 BT LDMS-Net ST BEPR A 4ivkr
THALSCIZE R . A KRS 4 11, mDice 1
mloU ¥ 8 2 B o 5B 1. 55 A 43 s M 2. 37 H
G350, BUESE T 2 REREIKE B R 2k
EZE, K EAY RELL, 2,4 ] B EEM IR
FERIE B BIERE , (HAR MR E [ 1,2,3],
FEUA I K IR B 25 7= R U RS 3B DR o 2Rl
$ 5 X 543 B R Al 3 X 3 A RS EIRS
T 7 X 743 A Hefde 35 M RESR T TR AN 5
HEASEOTH, IEHIE T 5 X 5 B SLs E
SRR i B A e %

F 4 BRI AR

Tab.4 Fine-grained ablation study on module-level

[ mDice/% mloU/% FLOPs/10° Params/10°
Lk 93.65 89.39 7.23 6.54
BE%(1,1,1] 92.10 87.02 7.23 6.54
% (1,2,4] 93.21 88.60 7.23 6.54
3X34r ¥ 93.03 88.39 7.05 6.38
TXT 5% 93.78 89.52 8.00 7.10

2.4.3 BBEMS5TTENCREIE

A F156IE LDMS-Net 78 H bR N RIZUAE AL L
FATRIRZ W 5 T IR 3, A S A Xf
RS AR A BB ORI T TR

e, Hi B A B BUE Kvasir-SEG {4
(200 T H) 43R 7N (<2200 px?) | H1(200~1 000 px®)
KC>1000 pxH32, HAFMCEMI LTI, 458
W% 5 frn . LDMS-Net 75 I PR f e 19 /NEL A |
mDice 200 B2 GRTE3. 1 E 35D, Fe AT
DMM 825 2 AL B sk o

HWR, ARG R IR A SCE 5 (NVIDIA
Jetson NX 15W . Jetson Nano 10W) _F i3k 384 < 384
AR R S A (FP32), 255k 6 B
N s THERRRT B L5 2404k, LDMS-Net 7£
Jetson NX K3 85 Myi-s ' #E H 5Z FR 1Y Nano 1/

PRI 30 Mt s CEmE), A7 o IR AR, S0k 1 HAE
BEURZ R o A d R
%5 ARRIEL A BITERER

Tab.5 Segmentation performance on polyps of different scales

mDice/ %
Tk ‘

Small Medium Large Overall

Unet 81.2 91.5 94.3 89.1

Unet++ 83.7 92.1 94.8 90.2

HarDNet-MSEG 85.4 93.2 95.1 91.3
CaraNet 87.1 94.0 95.6 92.4
LDMS-Net 90.2 95.3 96.2 93.65

6 RART ML S B AT

Tab. 6 Inference speed and resource consumption on embedded

platforms
Sk Params/ FLOPs/ Jetson NX/ Jetson Nano/ Memory/
10° 107 (wi-s)  (Wi-s™H MB
Unet 31.0 28.4 31 12 1823
HarDnet-
MSEG 8.7 9.8 68 24 913
CaraNet 12.3 11.2 59 21 1107
L.DMS-Net 6.54 7.23 85 30 784
+ A
3 gn TE

BEXFEARST 2728 | 1 S S B B IR
FRAFPRARL, ARSI T —Fhi i s B 2 RN I
#1125 LDMS-Net. i id @il sh & 2 ROEZFRHE S
W R - 2 SR R S A P, LDMS-Net SE8 1
KR A S i B A 3 . 7E 2 418U S B sE
KR W], M A R R 2R R IR I, 4%
TPEREFRAR SO0 T AR R L D7 1% . N BIE A 32
IXHT, SRR X AN [ i 4% 2 B0 25 S AU AT A
WERCR : TR TR S B A, TR JE
FHARARMIE BB 5 1Rl S il X 28 1AM
STETTI B BEAS LAOR B 55 B, DA ] A 6 Ot i
FEBUM BE Sk B R . ISR T
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