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Abstract

Sarcopenia has numerous adverse effects on patients’ health, and muscle mass measurement is one
of the important methods for diagnosing sarcopenia. However, the current manual measurement
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methods are inefficient, limiting their widespread clinical application. This study aims to propose an
automatic segmentation method suitable for both clinical diagnosis and medical research of sarcope-
nia, which can achieve high-precision skeletal muscle segmentation with a small amount of training
data. Our method first fine-tunes the YOLOv10 and SAM2 models using a small amount of data. Then,
the rectangular box coordinates of each sample are obtained through YOLOv10 and used as prompts
for SAM2 to perform skeletal muscle segmentation. Experimental results show that our method
achieves a DSC score of 0.9025 in the segmentation task, outperforming the traditional U-Net architec-
ture’s score of 0.8763 and the fixed rectangular region prompt’s score of 0.8887. Additionally, validation
on the test dataset indicates that 85% of the segmentation results fall within the clinically acceptable
range. In conclusion, the method proposed in the article demonstrates high accuracy and reliability
in the task of few-shot automatic segmentation of skeletal muscle, showing potential clinical applica-
tion value.
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Figure 1. Instances of the comparison before and after image preprocessing

B 1. B iEafE Xt Rl

2.3. SAM2

SAM J&—Ff i Tl F R 7 B RE R, REASAE %5 M7 s MUE 55 b SE Bl i 3 L HE A (0 R 20 &1 T
AR RHARE . 2RI SR LT ISR, SAM RERSZ AL S 2 MA FI RIS 70 FESS b, BHETE or

DOI: 10.12677/airr.2025.143046 473 PNER ST IR YN


https://doi.org/10.12677/airr.2025.143046

R 45

FL Sl E A S RS, FAZHAEREREARSEIGE ST SAM2 & SAM MGk A, MHET SAM,
SAM2 SN 1 X REARAL BRI SHE, FETIN T ICAZ AR LA FOUE B . 1X —FEHE 1S SAM2 Befg S H]
T 3D ERFEE 5 EUES .

AR FRICEF 1) T12 /KF CT 2486 SAM2 1] Mask filfs 8 BEAT 0, I 2Rt FE b 4 tis 23 (1 2 5
AL . SAM2 H Mask RIS 28 45/ W1 2 Fiow

stride 4, 8 feats. from img. enc.

mask decoder

X2
image ) dot product
embedding image to token attn.  |— X permask ~ asks
(256x64x64) T conv. o masks
[ trans.
| mlp | \\ (:u]t(put
oKen —1
t per mask ml
| token to image attn. | P )
output tokens token outp{l(;[tjoken obj ptr
+ to image mlp — I
pI‘Ol’Ilpt fokens | self attn. | attn. occlusion > QC?)EEJ?S
Norerx226) oken | mlp oéclusion

score
Figure 2. Architecture of the Mask decoder
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Figure 3. Flowchart of the proposed methodology
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Figure 4. Examples of a sample prompt word with a fixed rectangular box
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Table 1. Results of the evaluation of the segmentation

F 1 DENHELER

Trik DSC P AR i 2 (cm?) KT i % (cm?)
U-Net 0.8763 5.96 25.09

SAM (Fixed box) 0.8887 5.62 21.03

SAM (YOLO box) 0.9025 5.12 16.43

LXKV )R, TRETFDEIR I 2,

Table 2. Evaluation results of the test set
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