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Abstract—The success of pretrained large models has provided
new and important technical approaches for medical image
segmentation (MedISeg). However, pretrained models also have
two significant shortcomings: (i) high-cost fine-tuning is usually
required when they are applied to specific tasks; (ii) it is
difficult to incorporate new attributes not used during the
pretraining process. To address these issues, we propose the
Mutual-Enhanced Integration framework Between Pretrained
SAM and Lightweight Model for MedISeg, named MEI. Firstly,
Adaptive Prompt Enhancement (APE) module is proposed to
optimize SAM-Med by enhancing prompt quality based on the
inconsistency between SAM-Med and the lightweight model,
thereby introducing new features to the pretrained SAM and
improving its specificity on specific task datasets. Secondly,
Ensemble Structure Boundary Enhancement (ESBE) module is
designed to optimize the lightweight model by providing more
accurate boundary information via the fusion of prediction
results from both the pretrained SAM and the lightweight model,
thereby enhancing the segmentation accuracy of the lightweight
model. Extensive experiments on four public 2D/3D segmentation
datasets demonstrate that our model achieves the state-of-the-art
performance relative to a strong baseline. '

Index Terms—Medical Image Segmentation, Pretrained SAM,
Lightweight Model.

I. INTRODUCTION

Medical image segmentation (MedISeg) represents a funda-
mental yet highly challenging task [1], where deep learning
has become the mainstream method. With the success of large
model technology, the use of pre-training strategy to improve
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MedISeg has been paid more attention due to the demonstrated
potential in the generalization ability.

SAM-Med [2] was a salient marker model in MedISeg
which is proposed based on Segment Anything Model
(SAM) [3]. It has shown promising generalization ability by
introducing a prompt mechanism and powerful pre-training
strategy. However, SAM-Med still present performance con-
straints similar to other pretrained models. The first, SAM-
Med is usually not directly applied to specific tasks and
fine-tuning strategy is effective while it can not form an
absolute advantage over traditional lightweight models on
specific task datasets. The second, SAM-Med is usually used
in the embedding stage of medical images while its fixed pre-
training mode will make it difficult to introduce new features
into the embedding of medical images.

On the contrary, traditional lightweight models demon-
strated robust task-specific adaptability on dedicated scenario
datasets, although its weak generalization ability. They remain
prevalent in current applications due to their low resource
requirements and high computational speed. [4], [5]

Let’s ponder the question: Can we leverage the advantages
of the lightweight model to improve the performance
of SAM-Med? Specifically, Can new features be effectively
introduced into SAM-Med through integrating the lightweight
model for better medical image segmentation performance?

Some studies have recognized the potential of traditional
lightweight models to enhance pre-trained large models. Two
methods have been proposed to improve SAM-Med: one [6]



uses semi-supervised learning and adds pseudo-labels to se-
lected samples for training, and the other [7] integrates a
lightweight model with SAM and fuses their results. However,
both them also have significant limitations and cannot effec-
tively introduce new features. Additionally, some researchers
have employed the pre-trained SAM to enhance lightweight
models. One approach [8] involves using SAM to generate
boundary map for augmenting the training images fed into
the model. However, this may fail to improve performance
because the boundary features generated by SAM might be
incompatible with the lightweight model’s learning capacity.

In this paper, we propose the Mutual-Enhanced Integration
framework Between the Pretrained SAM and the Lightweight
MedISeg Model, named MEI, which can effectively lever-
age complementarity between SAM-Med and a traditional
lightweight segmentation model and integrate the inherent
features in medical images: Firstly, APE module is proposed
to optimize SAM-Med’s prompt information according to the
discrepancy between the output of the lightweight backbone
and SAM-Med inference results. Additionally, the intermit-
tently selected lightweight backbone’s high-quality results are
fed into the prompt encoder of SAM-Med. Secondly, ESBE
mechanism is proposed to optimize the lightweight segmenta-
tion model according to SAM-Med’s output. In the meanwhile,
a novel adaptive integration attention (AIA) module is de-
signed for the enhancement to fuse boundary information from
lightweight backbone’s segmentation result and SAM-Med’s
inference results to reduce pixel level errors in MedISeg.

To summarize, our contributions are:

o An APE mechanism is proposed for SAM-Med enhance-
ment which can dynamically determine the prompt by
comparing inconsistencies between our lightweight back-
bone’s outputs and the SAM-Med’s inference results. It
also intermittently incorporates optimal prompts to ensure
the accuracy of the SAM-Med’s prompt. This mechanism
can enhance the specificity of SAM-Med.

o An ESBE mechanism is proposed to generate refined
boundaries based on the new designed AIA module.
It can effectively fuse boundary results from both our
lightweight backbone and SAM-Med, and then enhances
the lightweight model to achieve higher generality.

« Extensive evaluations on four diverse public 2D/3D seg-
mentation datasets demonstrate that our model achieves
a series of state-of-the-art segmentation outcomes. Fur-
thermore, comprehensive ablation studies validate the
effectiveness of each proposed module.

The source code will be available after acceptance.

II. RELATED WORK
A. Traditional and Deep-learning based Methods

Traditional MedISeg methods primarily exploit the inherent
dissimilarities between foreground and background regions to
guide the segmentation. According to the different features
used, they can be divided into several categories such as
OTSU, region growing algorithms, level set algorithms [9],

co-occurrence matrix algorithms [10], gray texture matrix
algorithms [11], etc. Although they are no longer research
hotspots, some studies have still made progress in recent
years. [12] developed an enhanced 2D OTSU algorithm in-
corporating modified particle swarm optimization (PSO). [13]
proposed an improved region growing approach which can
constrain the growth region by using prior knowledge with
automatic threshold detection, thereby optimizing the segmen-
tation outcomes. [14] introduced an advanced variational level
set method which employs a selective binarized Gaussian
filter as the pressure function. However, traditional methods
use artificial features which are limited by our cognition,
resulting in frequently inadequate segmentation precision and
applicability.

However, current deep learning-based approaches primarily
focus on utilizing multilayer networks to extract high-level
feature representations. Notably, specialized networks derived
from the UNet focus on critical segmentation regions. These
developments have led to classical variants including FCN,
VNet, UNet++ [15], and Attention-UNet [16], as well as
more advanced models incorporating the Transformer such as
Swin-UNet [17], UNETR [18], UNETR++ [19], and Swin-
UNETR [20], with their core innovations focusing on op-
timizing the feature extraction process [21]-[23] and skip-
connection [24], [25]. Since the single-model methods often
suffer from limited accuracy, the strategy [29]-[31] combining
multiple models is proposed to compensate for limitations in
feature extraction capability.

B. Pretrained Foundation Model-based Methods

The introduction of the Segment Anything Model (SAM) [3]
spurred the development of numerous SAM-based foundation
models dedicated to medical image segmentation [2], [27].
For instance, SAM-Med2D [2] is trained on 4.6M images and
19.7M masks from public and private datasets, we fine-tune
the encoder and decoder of the original SAM to obtain a well-
performed SAM-Med2D. SAM-Med3D [27] — a general-
purpose segmentation model — is trained on a composite of
94 datasets, achieves generalization across diverse anatomical
structures and imaging modalities, and asserts zero-shot trans-
ferability to unseen tasks. In contrast, MedSAM-2 [32] builds
upon the updated SAM 2 [33] and approaches 3D medical
images as video sequences, attaining state-of-the-art perfor-
mance while preserving strong generalization across a broad
spectrum of imaging modalities. VISTA3D [34], meanwhile,
is tailored specifically for CT scans, segmenting 127 structures
and lesions across highly variable CT data to deliver accurate
out-of-the-box results and facilitate straightforward adaptation
to unseen anatomical targets.

The other primary approach based on the pretrained foun-
dation model involves automatically generating prompts for
the foundation model [2], [3], [26], [27] when inferring
new segmentation tasks, enabling the adaptive self-training
strategy [6], [7], [28].
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Overview of the proposed MEI architecture, APE is utilized to dynamically determine high-quality prompt for SAM-Med in each iteration, fully

unleashing its potential. ESBE is the ensemble structural boundary enhancement mechanism for precise medical image segmentation and AIA is the integrated
self-attention mechanism for initial boundary generation. The pretrained model’s branch is denoted as the orange arrow and lightweight model’s branch is
represented as the blue arrow. The green arrow denotes the process of optimizing a lightweight backbone using the fusion of dual types of results. The

double-headed arrow with a dashed line represents the loss propagation.

III. METHODOLOGY

This section introduces the architectural details of MEI,
including the backbone, the APE mechanism, the ESBE mech-
anism, and the objective function. Our method is designed to
simultaneously handle both 2D and 3D MedISeg tasks. For
clarity of presentation, all modules are described in the 2D
format throughout this paper.

A. Lightweight Backbone

1) The Architecture of Backbone: Figure 1 illustrates the
overall architecture of our lightweight model branch, which
is specifically designed to achieve precise segmentation. The
network primarily consists of three key components: encoder,
decoder, and bottleneck module. The process begins with an
input image X € RH*Wx3_ where the encoder’s initial feature
E; is first extracted through convolution operations. These
features are then fed into the encoder — composed of standard
3 x 3 convolutions followed by batch normalization and ReLU
activation function progressively extracting encoder’s features
E;ie{l,..,l+1}. 1+ 1 denotes the depth of the model.

The bottleneck module captures multi-scale contextual in-
formation D;;; through an Atrous Spatial Pyramid Pooling
(ASPP) block [35], and the skip-connection module to bridge
the semantic gap between the encoder and decoder:

D; = Conv(Concat(FE;, Dec(Dit1))) i€ {1,...,1} (1)

where Concat denotes channel-wise concatenation, Conv
represents the 3 x 3 convolution for channel alignment, Dec
is the decoder network of the lightweight backbone.

2) Integration: Our MEI’s final output integrates dual
branches consisting of SAM-Med2D generated results Zg,
lightweight backbone’s outputs Zr. These branches are adap-
tively fused via a learnable weight matrix & = [a, 3]
to produce the final segmentation Zjys;0n, With the fusion
process defined as:

Z.fusion = [Z57ZF]£ (@)
B. Adaptive Prompt for SAM Augmentation

This section describes the APE module from the lightweight
model to the pretrained model, as indicated in Figure 1.

1) SAM-Med2D and Enhancement Goal: SAM-Med2D is a
MedISeg model specialized SAM, adapted by fine-tuning both
SAM’s image encoder and prompt decoder to accommodate
diverse medical imaging data. However, SAM-Med2D’s per-
formance heavily depends on prompt quality and it remains
a challenging task to obtain accurate and effective prompts.
It usually adopts manual generation or iterative refinement
methods to optimize SAM-Med2D’s prompt, which is incon-
venient for the iteration of prompt and whose effectiveness
may be limited by human cognition. Therefore, We design the
APE mechanism which can automatically iterate and refine



the prompt according to segmentation results of lightweight
backbone and SAM-Med.

Algorithm 1 Adaptive Prompt Enhancement mechanism

Parameter:Ground-Truth Zg, Total numbers of epochs
iterations

1: set initial prompt = None, S = None, iter = 1
2: for iter < iterations do
get d = Dice(Zp,Zs) and d = Dice(Zp, Zq)
it d > ¢

Insert Zp into set S
if iter % k= 0:

Zp = Rand(S, 1), prompt = Z., S=None
else:

if d > n: prompt = None
10: else: prompt = Zp
11:  iter =iter +1
12: return prompt

(5]

R A A

2) Adaptive Prompt Enhancement Module: This module
can dynamically generate more accurate prompts in real-time
based on segmentation results from our lightweight backbone,
thereby fully utilizing the potential of prompts and improving
SAM-Med2D’s performance.

In each iteration, our model evaluates the inconsistency
between the results Zp from the lightweight backbone and the
inference result of SAM-Med2D as Zg. The Dice coefficient
between the lightweight backbone’s result Zp and Zg is
denoted as d.

A hyperparameter threshold 7 is predefined. If d > n,
it indicates low inconsistency between the results of the
lightweight backbone and SAM-Med2D. Therefore, SAM-
Med2D’s original prompt are retained with no action, denoted
“None”. If d < 7, it indicates significant inconsistency and
thus Zr is used as the prompt to enhance SAM-Med2D.
Specifically, every k iterations, we first identify all predictions
from the lightweight model that achieve a Dice coefficient
with the ground-truth above the threshold (. From these
segmentation results, Z}; is randomly selected as SAM-Med’s
prompt. If no result satisfies this condition, the prompt is set
to “None”. This process can be described as Algorithm 1:

Where Rand(S,1) denotes the random selection of one
element from the set S, Dice(.,.) is the calculation process
of Dice coefficient. And it should be noted that the initial
value of the prompt is set to None. And the APE module
will downscale Zr by a factor of 4 through two convolutional
embedding layers before the refined prompt is fed into the
SAM-Med’s prompt encoder.

C. Ensemble Boundary Enhancement for Lightweight Model

This section details the ESBE module transferring features
from the pretrained model to the lightweight model, as shown
by the green arrow in Figure 1. Its goal is to optimize the
lightweight MedISeg model through the boundary information
obtained from SAM-Med2D’s inference results. Specifically,
the structure boundary M is derived from the fusion of dual

results, and M structurally constrains the boundary preserva-
tion of the lightweight backbone at the same time.

1) Adaptive Integration Attention mechanism: AlA is pro-
posed to effectively fuse the boundary results from dual hetero-
geneous model branches, including the lightweight backbone
and SAM-Med2D. Finally, AIA generates structure boundary
M to enhance the lightweight backbone.

The input of AIA is the boundary feature maps correspond-
ing to Branches = {Zg, Zp} denoted as F = { F;}|Zrenches],
where |Branches| is the number of branches. ¢ = [a, 3]T
represents their corresponding learnable adaptive weights.
Therefore, the weighted feature maps can be represented as
G = F % £, where * denotes the Hadamard product.

The cross-attention mechanism [36] is employed to fuse the
boundary results of multiple branches. Since the enhancement
effect of diverse branches in backbone may vary, we apply
three feature maps to respectively serve as ¢, k,v , resulting
in |Branches|* possible combinations. The attention score
matrix for one combination is given by:

|Branches| |Branches|

>

i=1 j=1

WG (W G,)"
Vi

A= (2ot

)

3

where Wq(l) , W,El), ngl) are the projection matrices for

q,k,v, and ||(.) denotes the concatenation along the channel
dimension.

For eliminating the effect of self-attention cases where
q, k, v all originate from the same branch, a combination mask
diag(—oc) is introduced to the attention score and thus the
final attention value M can be computed as follows:

M = softmax(Asj; — oo.l[i:j])(mli;amhes‘(I/Vél')(}i)) “4)

The adaptive matrix £ is progressively optimized dur-
ing each iteration, enabling dynamic generation of structure
boundary M. 1};_j; takes the value 1 if ¢ = j and 0 otherwise.
Finally, we obtain M;,i € {1,..,1,l + 1} after applying
¢ — 1 layers of convolutional downsampling to the initial
morphological boundary M;.

2) Structure Boundary Enhancement: ESBE is designed to
enhance the optimization of lightweight backbone by boundary
information. The accuracy of boundary preservation directly
affects the effectiveness of ESBE. As a result, a new mech-
anism to enhance the accuracy of boundary preservation by
minimizing the semantic discrepancy between the boundary
information in the backbone and structure boundaries derived
from the AIA mechanism.

A Boundary Preservation Module (BPM) [23] is firstly
introduced to extract boundary information from each encoder
and decoder layer in the lightweight backbone by employ-
ing dilated convolutions with kernels of different sizes. The
boundary information is denoted as B; where i € {1,...,1,1 +
1,..,20+2}:

{Bi};Z)? = {({BPM(Eq) 111, {BPM(D:) 115 ®

i=1



TABLE 1
COMPARISON BETWEEN OUR MODEL AND EXISTING DEEP LEARNING METHODS ON FOUR PUBLIC DATASETS. THE OPTIMAL RESULTS IN THE TABLE ARE
HIGHLIGHTED IN BOLD, WHILE THE SUBOPTIMAL RESULTS ARE INDICATED WITH UNDERLINE. THIS FORMATTING IS CONSISTENTLY APPLIED IN
SUBSEQUENT TABLES AND THE IMPROVEMENT OF OUR MODEL COMPARED TO THE SECOND-BEST MODEL IS REPORTED. THE GFLOPS IS GIGA
FLOATING-POINT OPERATIONS. THE FPS RESULTS REPORT INFERENCE TIME AND ARE EVALUATED ON GTX 4090 GPU WITH BATCH SIZE OF ONE.

Method2D)  Venue  GFLOPs FPS Tece8023 Kvasir-SEG

MIoU(%)!  MDSC]  MIoU(%)}  MDSCt

UNet  MICCAT16 1215 483  83.80 89.10 75.90 8530

BG-Net MIA22 1678 352 8410 90.10 7520 84.80

BPB-Net ~ CVPR'20 1644 361 8550 91.10 75.70 85.20

DSCNet ~ ICCV'23 2076 285 8670 92.60 78.10 86.90

FAMNet  AAAP25 2531 187  89.30 93.50 80.30 88.60

MADGNet ~ CVPR'24 2475 202 8780 93.10 79.90 88.40

MEI Ours 3086 124 90.30 94.50 81.70 90.60
+1.00%)  (+1.00%)  (+1.40%)  (+2.00%)

Method3D)  Venue  GFLOPs FPS CAS2023 MM-WHS
MDSC(%)! MHD| MDSC(%)!  MHDJ

3DUNet  MICCAI'l6 12576 8.1 77.09 1.710 81.57 1.458

pmUNet  MICCAT'18 44534 2.3 78.25 1.687 79.11 1.639

DSCNet ~ ICCV'23 28761 39 79.83 1,662 80.60 1.527

LKM-UNet MICCAI'24 27935 438 77.10 1,709 77.57 1704

FAMNet  AAAP25 31074 32 80.16 1.657 82.61 1219

MADGNet ~ CVPR'24 30846 33 80.16 1.655 83.16 1112

MEI Ours 34892 29 82.48 1.599 85.73 1.027
(+232%)  (+338%)  (+2.57%)  (+7.64%)

IV. EXPERIMENTS
A. Dataset

BPM(z) = o(Conv(Concat(di(x), di (x), ds(z), di(z), de(x)))
©

Where z is the input tensor, d; denotes a dilated convolution
with a dilation rate of r and a kernel size of s x s, o(.)
represents the sigmoid function.

The goal of ESBE can be regarded as minimizing the
boundary loss Lp between the boundary features B; and
structure boundaries M; derived from our model. Therefore,
the objective function for ESBE is given by:

te{l,...l,l+1}

ie{l+2,..,20+2} ™

i ) Loe(M:, By)
L=
Log(M;— 41y, Bi)

where Log(.,.) denotes the cross-entropy loss.

D. Objective Function

The overall optimization objective of our model consists
of the boundary loss and two segmentation loss for those
branches and a final segmentation loss. We do not emphasize
the control of the weights between them because we have
already introduced adaptive weight parameters & earlier. The
final loss is defined as follows:

2042
L=> L+ Y Low(Z,Zc) 8)
i=1 Z;el

where Z; denotes the ground-truth mask and Z =
{257 ZF7 qusion}-

We selected MedISeg datasets encompassing multiple or-
gans with varying dimensionalities (2D/3D).

Ieee8023 (Lung): This dataset is collected by the University
of Montreal. It contains chest CT sequences from 20 COVID-
19 patients. 3520 CT slices with labeled lung infection regions
were selected and resized to 512 x 512. The dataset is publicly
available on an open-source platform [37].

Kvasir-SEG (Rectum): This is an endoscopic dataset de-
signed for pixel level colon polyp segmentation, comprising
1,000 gastrointestinal polyp images with corresponding seg-
mentation masks in JPG format. All annotations were labeled
and verified by senior gastroenterology specialists [38].

CAS2023 (Vessel): This dataset comprises MR-modality
scans with cerebral artery annotations. The training set in-
cludes 100 cases of human brain magnetic resonance angiog-
raphy (MRA) in NIfTI (.nii.gz) format [39].

MM-WHS (Artery): This dataset is a heart segmentation
dataset with annotations for a total of 8 heart organs, including
the pulmonary artery. It contains 40 MR and CT scans in the
training set, and 80 scans in the test set. [40].

B. Experimental Setup and Evaluation Metrics

Experimental Setup: The experiments were conducted
with dual NVIDIA GeForce RTX 3090 GPUs, utilizing the
PyTorch framework. The dataset was partitioned into training,
validation, and test sets at a ratio of 6:2:2. The learnable matrix
¢ was initialized as [1,1]”. Threshold configurations for the
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Fig. 2. Weight dynamics and Dice coefficient evolution during 100-epoch training on the Ieee8023, Kvasir-SEG and CAS2023 dataset. The shaded regions
in the figure represent variation ranges across three experiments with different random seeds, where pink color represents the SAM-Med branch, green color

denotes the lightweight backbone.

TABLE IT
QUANTITATIVE COMPARISON OF 2D/3D SEGMENTATION RESULTS ON IEEE§023 AND CAS2023 DATASET AGAINST FINE-TUNED SAM. wW/0 FT
DENOTES TRAINING WITHOUT FINE-TUNING WHILE W FT DENOTES TRAINING WITH FINE-TUNING.

Method(2D) Venue GFLOPs  FPS fece8023
MIoU(%)] MDSCt MPC(%)} MSE(%)!  MSP(%)!
SAM-Med2D(w/o FT) arXiv'23 29730 310 79.80 8410 8580 83.50 83.70
SAM-Med2D(w FT) arXiv'23 29730 310 89.70 9380  94.50 93.20 93.10
AnSAM arXiv'23 48143 121 8740 9220  93.80 91.70 91.80
SAMUS arXiv'23 30074 222 8840 9370 94.80 93.10 93.00
MedSAM NAT COMMUN'24 31265 213 8850 9300  94.10 92.90 92.70
MET Ours 3086 124 9030 9450  95.30 93.90 93.50
Method(3D) Venue GFLOPs  FPS CAS2023
MDSC(%)t MHD]  ACC(%)t AUC(%)! cIDice(%)]
SAM-Med3D(w/o FT) arXiv'23 482150 32 70.36 1858 8639 78.84 75.80
SAM-Med3D(w FT) arXiv'23 482150 32 80.09 1635 96.41 88.42 8538
VISIA3D arXiv'24 512082 2.9 80.25 1618 96.52 88.57 85.56
MedSAM-2 arXiv'24 467548 38 81.83 1602 9672 88.52 86.75
vesselFM CVPR’24 438977 41 82.10 1600 9677 88.76 86.45
MEI Ours 34892 29 82.48 1599 9647 88.77 86.64

APE module vary across different segmentation tasks typically
ranging between 0.60 and 0.80.

Evaluation Metrics: For 2D MedISeg task, we adopt the
MIoU (Mean Intersection over Union), MDSC (mean dice
similarity coefficient), MPC (mean per-class accuracy), MSE
(mean sensitivity) and MSP (mean specificity). While for 3D
MedISeg task, we adopt the MDSC, MHD (mean hausdorff
distance), ACC (accuracy), AUC (area under the curve).

C. Experimental Results and Analysis

1) Comparison with State-of-the-Art Medical Image Seg-
mentation Models: As demonstrated in Table I, MEI outper-

forms baseline models across four 2D/3D MedISeg datasets.
Our model achieves 90.30% MIoU and 94.50% MDSC on
the Ieee8023 dataset and attains 81.70% MIoU and 90.60%
MDSC on the Kvasir-SEG dataset, improving the MIoU and
MDSC by average 1.2% and 1.5% compared to the second best
model across dual 2D datasets. Moreover, our model reaches
82.48% MDSC and 1.599 MHD on the CAS2023 dataset and
scores 85.73% MDSC and 1.027 MHD on the MM-WHS
dataset, improving the MDSC and MHD by average 2.4%
and 5.5% compared to the runners-up across dual 3D datasets.
The results validate our model’s generality and specificity in



MedISeg, demonstrating superiority across diverse anatomies
and dimensionalities. Our MEI exhibits more generalized seg-
mentation capability compared to conventional deep learning-
based lightweight models.

2) Comparison with Pretrained Foundation Models: Table
II demonstrate our model’s capability to fully exploit the
potential of the pretrained SAM, achieving obvious improve-
ments beyond conventional fine-tuning approaches. Our model
achieves consistent performance gains across both 2D and 3D
MedISeg tasks, demonstrating superior 2D metric improve-
ments of +10.5% MIoU and +10.4% MDSC enhancements
compared to the pretrained SAM-Med2D baseline without
fine-tuning, while in the 3D segmentation tasks it deliv-
ers +12.12% MDSC and +13.94% MHD gains versus the
pretrained SAM-Med3D. It demonstrates that our MEI can
introduce features such as the characteristic of the lightweight
model into pretrained models with minimal cost.

3) Training Dynamics of Adaptive Weights and Perfor-
mance: Figure 2 reveals the adaptive weight of the SAM
branch (i.e. o)) exhibit a decreasing trend in training epochs,
and those of lightweight backbone demonstrate a progressive
increase. This means that the SAM-Med with strong general-
ization ability takes the dominant position in the early stage
of training. As the training progresses, the performance of the
backbone improves, and its specificity gradually becomes the
dominant factor. Dual branches finally exhibit ascending Dice
coefficient, indicating our MEI mechanism enhances SAM-
Med through APE and enhances the lightweight model through
ESBE sequentially.

4) Hyperparameter Sensitivity: To validate the impact of
threshold and interval settings in the APE module on model
performance, we evaluated cross-dataset performance varia-
tions under different thresholds 7, ¢ and the prompt update
interval k£ as shown in Table III.

The experimental results demonstrate that a higher n con-
strains the optimization process of the lightweight model,
whereas a lower 7 fails to fully leverage the potential of
prompts. A higher ¢ value would render the set S in Algorithm
1 to None, thereby compromising the guaranty of knowledge
accuracy in SAM-Med; conversely, a lower ¢ would degrade
the quality of the prompt. The moderate ¢ can better optimize
the prompt input to SAM-Med, thus enabling its full potential.
The prompt update interval k£ is determined as 10 in all
2D/3D segmentation tasks. The overly small interval k& would
prevent SAM-Med from learning challenging samples, while
an excessively large interval k could lead to deviations during
the learning of the challenging samples. Therefore, a moderate
interval k£ can optimally refine the prompts for SAM-Med.

D. Ablation Study

Table IV demonstrates the respective contributions of APE
and ESBE in our framework. The ablation studies across
four 2D/3D segmentation datasets reveal that employing either
directional enhancement surpasses both the backbone and the
fine-tuned SAM-Med2D model in performance.

Image

SAM-Med

Lightweight
Backbone

Ground-
Truth

Fig. 3. Columns 1-2 denote where SAM underperforms and lightweight
backbone excels, 3-4 show where SAM excels and lightweight backbone
underperforms. But our MEI achieves optimal results in the above situations.

As illustrated in Figure 3, our MEI framework achieves su-
perior performance in challenging cases where both the SAM-
Med and the lightweight backbone fail to produce accurate
results, providing direct evidence for the enhancement effect
achieved by our proposed MEI framework.

V. CONCLUSION

In this paper, we propose Mutual-Enhanced Integration
Between Pretrained SAM and Lightweight Model for MedISeg
which can address the underutilization of the pretrained SAM’s
potential by introducing novel features via the lightweight
model. Our framework achieves two key innovations: The
APE module to enhance the optimization of SAM-Med by en-
hancing prompt quality and the ESBE module to enhance the
optimization of the lightweight model by providing more ac-
curate boundary information. Extensive experiments on 2D/3D
benchmark segmentation datasets demonstrate our model’s
superior performance across all evaluation metrics.
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