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Abstract. Semi-supervised learning (SSL) can effectively reduce the
labor-intensive labeling required for deep learning based medical image
segmentation. The emergence of visual foundation models show zero-shot
capability, offering a new way of SSL. In this paper, a novel SSL frame-
work that combines foundation and dedicated models is proposed. Un-
like most existing SSL methods, where the foundation model is manually
prompted to generate pseudo-labels from unlabeled images for training
the dedicated model in a one-way strategy without further refinement. In
our framework, foundation (SAM2) and dedicated (UNet) models are in
an iterative pipeline. Specifically, in each iteration, prompts from coarse
segmentation results using UNet are calculated for SAM2 to generate
pseudo-labels which are used to further train the UNet for better prompts
in next iteration. In this way, the pseudo-labels and UNet can be mutu-
ally improved until convergence. To enhance the performance of SAM?2
in medical image segmentation, a new uncertainty-aware module using
historical cues is presented to optimize key frames selection and prompts
generation for SAM2. Furthermore, a new semantic-aware memory bank
is introduced, where memories in the memory bank of SAM2 are di-
vided into semantic groups. In this way, anatomical prior knowledge can
be leveraged by SAM2. In the experiment, our framework is evaluated
using public and in-house datasets in the context of multi-label segmen-
tation, and the experimental results demonstrate that our framework
outperforms state-of-the-art SSL. methods in both datasets.

Keywords: SSL segmentation- SAM2 - prompt generation - semantic
memories.

1 Introduction

Deep learning (DL) based medical image segmentation has been widely studied
[3I6/T0]. To achieve accurate segmentation, large scale of training data is needed.
However, manual annotation requires experienced experts and is labor-intensive.
To address this issue, semi-supervise learning (SSL) becomes a hot topic in
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medical image segmentation [I5I8J2]. The basic idea of SSL is to generate pseudo-
labels from unlabeled data using a dedicated segmentation model pre-trained by
a small set of labeled data. The pseudo-labels can then be used to further train
the dedicated segmentation model. However, since the low capacity of dedicated
segmentation models, pseudo-labels are often of poor quality.

Recently, the emergence of visual foundation models, e.g., SAM [9], has
demonstrated exceptional capacity of general and zero-shot segmentation, of-
fering a new way of SSL. Most existing foundation model based SSL meth-
ods simply use the foundation model to generate pseudo-labels from unlabeled
data. Since medical image segmentation requires strong domain knowledge, high-
quality prompts for foundation models are needed and usually delineated man-
ually [4ITTIT2]. Some methods try to automate the prompts generation [5], and
the basic idea is to use pre-trained dedicated segmentation models to get coarse
segmentation results which are used as prompts. However, most of them are in
a one-way strategy, making the resulting prompts of low quality and cannot get
further refinement. Moreover, SAM is usually adopted as the foundation model
which are unsuitable to handle 3D multi-label medical image.

Based on the above observations, a novel SSL segmentation framework is
proposed in this paper, where foundation and dedicated segmentation models
are combined in an iterative pipeline. Specifically, SAM?2 is used as the founda-
tion model for 3D medical image segmentation whose slices are spatially con-
tinuous and analogous to videos. In each iteration, prompts are generated from
segmentation results of unlabeled data using the dedicated segmentation model
pre-trained by a small set of labeled data. Based on the prompts, pseudo-labels
of unlabeled data can be obtained by SAM2, which are used to further train the
dedicated segmentation model for good prompts in next iteration. Therefore, as
the iteration goes on, the pseudo-labels and dedicated segmentation model can
be mutually improved. To enhance the performance of SAM2 in medical image
segmentation, a new uncertainty-aware module (UAM) using historical cues is
presented in the iterative pipeline to ensure stable and accurate prompts. More-
over, based on the UAM, key frames in SAM2, which follows a fixed selection
rule (e.g., every three frames), can be adaptively determined. Additionally, a new
semantic-aware memory bank (SA-MB) is introduced, where memories in the
memory bank of SAM2 are divided into different semantic groups (e.g., bones
and cartilages). In this way, anatomical prior knowledge can be leveraged by
SAM?2 to achieve accurate multi-label medical image segmentation. Public and
in-house datasets containing MR images of knee joint are used to evaluate our
framework. Experimental results demonstrate that our framework outperforms
the state-of-the-art (SOTA) methods in both datasets. Our main contributions
are listed below:

(1) The novel iterative pipeline of foundation and dedicated models is proposed
for accurate 3D multi-label medical image segmentation.

(2) The new uncertainty-aware module is presented to optimize key frames se-
lection and prompts generation for SAM2.
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Fig. 1. Overview of our framework. (a) a dedicated segmentation model (UNet) is first
pre-trained with a small set of labeled data; (b) in the iterative pipeline, segmentation
results with pixel-wise uncertainty are produced from unlabeled data by the UNet,
based on which key frames and prompts can be determined by the uncertainty-aware
module (UAM) and used by SAM2 to get pseudo-labels for further training the UNet.
This process is iteratively proceeded until convergence; (¢) SAM2 is fine-tuned with
the semantic-aware memory bank (SA-MB) where memories are divided into different
semantic groups. In this way, anatomical prior knowledge can be leveraged by SAM2.

(3) The new semantic-aware memory bank in SAM2 is introduced, based on
which anatomical prior knowledge can be leveraged.

(4) Our framework achieves the best performance of all SOTA methods under
evaluation on both public and in-house datasets.

2 Method

The overview of our framework is shown in Fig. [I] Specifically, UNet is adopted
as the dedicated segmentation model, which can be replaced by any existing
segmentation models, and the foundation model is SAM2. At the beginning, the
UNet is pre-trained using a small set of labeled data (see Fig. [Th). Then in the
iterative pipeline, segmentation results with pixel-wise uncertainty of unlabeled
data are produced by the pre-trained UNet, based on which key frames and
prompts can be determined by the uncertainty-aware module (UAM) and used
by SAM2 to get pseudo-labels of unlabeled data. The pseudo-labels are used to
extend the training data to improve the UNet for better segmentation results of
unlabeled data as well as better prompts for SAM2 in next iteration (see Fig.
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[Ib). The iteration goes until the pseudo-labels and UNet reach convergence.
Moreover, a fine-tuning of SAM2 with the proposed semantic-aware memory
bank (SA-MB) is performed (see Fig. [Ik). In the SA-MB, memories are divided
into different semantic groups, in this way, anatomical prior knowledge (e.g.,
spatial relations of anatomical structures) can be leveraged by SAM2, and multi-
label segmentation can also be achieved.

2.1 The Dedicated Segmentation Model

The UNet is adopted as the dedicated segmentation model in our framework.
In the initial stage, it is pre-trained with a small set of labeled data and used
to produce coarse segmentation results of unlabeled data. Moreover, the Monte
Carlo dropout (me-dropout) [13] is applied to the UNet to produce pixel-wise
uncertainty for the coarse segmentation results. Specifically, in the training and
inference phases of the UNet, neurons are randomly deactivate with a certain
probability. In this way, different segmentation results can be produced. Assume
that I € REXWxS is the input data (H, W, and S stand for the height, width
and number of slices) and Y7, ..., Yy are the segmentation results using the mc-
dropout, then the corresponding uncertainty map U € R7*W xS is defined as:

1 1 &
= — —_ 2 = —
U - N n§:1(Yn ,u) y M N n§:1an (1)

where 1 € REXWXS i5 the average of all segmentation results. Therefore, big

values in U indicate high uncertainty at corresponding pixels.

2.2 The Uncertainty-aware Module for Key Frames and Prompts
Optimization

In most applications of SAM2, prompts are usually generated manually. More-
over, key frames are also selected in a fixed rule, e.g., every three frames. To opti-
mize and automate key frames selection and prompts generation, an uncertainty-
aware module (UAM) is presented in our framework. Specifically, based on the
uncertainty map U of each segmentation result produced by the dedicated seg-
mentation model, the corresponding confidence map C' = 1 — U is calculated,
where 1 € RE*XWxS_ The slice I* with the highest sum of confidence of every
M slices in I is selected as the key frame, which is defined as:

H W
IS:argmaXZZC(h,w,sL (2)

h=1w=1

where s stands for each one of the M slices, and M is set to 3 in our framework.

After the selection of key frames, prompts for each key frame are generated
in the UAM using historical cues (see Fig. . Specifically, assume that Cp is
the confidence map of I at iteration T, an accumulated confidence map Cyp is
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Fig. 2. Prompts generation in the UAM. According to the confidence maps C1, ..., Cr in
current and previous iterations, the accumulated uncertainty map at current iteration
C'r can be obtained, from which mask and prompts can be generated.

calculated by weighted averaging of historical confidence maps from previous
iterations, which is defined as:

T
_ —a)aTt
Cr= ZwtCm wy = (eja 1_)aT (3)

t=1

where w; is weighting factor, « is a constant value controlling the weight changing
rate and is set to 0.5. Clearly, the closer to the current iteration, the greater the
weight assigned. After getting the accumulated confidence map C'r, thresholding
with 0.5 is applied to Cp to generate a mask I,sx defined as:

1 Cr(z,y)>0.5
0 otherwise

Imask(xvy) = { (4>

Based on the resulting I,,sk, prompts can be calculated for every connective
areas and used by SAM2. It is clear that the accumulated confidence map can
relieve the influence of erroneous segmentation in previous iterations, leading to
stable and accurate prompts.

2.3 The Foundation Model with Semantic-aware Memory Bank

Our current study is conducted in the context of multi-label segmentation of
knee joint, for each semantic label (i.e., bones or cartilages), a corresponding
mask Imask, is available after the UAM, where [ indicates the semantic label.
Connected components are derived from I ask i, based on which prompts for [ can
be generated. It is worth noting that for bones (e.g., femur and tibia), bounding
boxes are chosen as the prompts, while for cartilages, which are of small and
irregular regions, foreground and background points are used as prompts.
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In medical image segmentation, anatomical prior knowledge is important and
can be adopted to enhance the segmentation performance. For example, in the
knee joint segmentation, cartilages are attached to the surface of bones. How-
ever, in original SAM2, such prior knowledge cannot be leveraged. To address this
issue, a semantic-aware memory bank (SA-MB) is presented. Specifically, mem-
ories in the memory bank of SAM2 are divided into different semantic groups
according to the segmentation results, e.g., groups for bones and cartilages in
our study. Assume that Isg; is segmentation results of [ € {bone, cart} for the
input image I after the mask decoder of SAM2. In the inference propagating
phase, memories in SA-MB are updated following the same FIFO strategy as
the original memory bank in SAM2. According to Iseg,;, memories in SA-MB are
divided into different semantic groups, i.e., Fyone and Feayt, defined as:

Fyone =CxBlock(Conv(Lseg bone) + Conv(Fr))

. . 5

Fary = CxBlock(Conv(Iseg bone N Lseg,cart U Tseg,cart) + Conv(Fy)), (5)
where fseg,l is the dilatation of fseg,l, and fseg,bone N jseg,cart is the intersection
region of bones and cartilages. It is known that cartilages are thin tissues at-
tached to the surface of bones, the resulting intersection region can be used to
enhance the quality of F,;; as well as the subsequent memory attention process,
finally improving the segmentation accuracy. Moreover, based on the SA-MB,
multi-label image segmentation can be achieved.

Cross entropy and Dice losses are adopted in the training of UNet and the
fine-tuning of SAM2 with SA-MB. In each iteration, the UNet is trained for 100
epochs (batch size 4) using Adam optimizer with learning rate of 1 x 104, SAM2
with SA-MB is fine tuned for 40 epochs at initial stage using AdamW optimizer
with learning rate of 5 x 107°, and the training data are the same as used in
the pre-training of UNet. After the training phase, the dedicated segmentation
model in the iterative pipeline is used as the segmentation model for testing.

3 Experiments

In the experiment, public (SKI10 [7]) and in-house datasets containing 3D MR
images of the knee joint from 100 and 136 patients are used to evaluate our
framework, respectively. In both datasets, label images of bones and cartilages
are available for each patient (see Fig. [3).

Besides our framework, UNet and five state-of-the-art (SOTA) SSL meth-
ods, including UCMT [I4], SCP-Net [16], SS-Net [15], BCP [1], and Semi-
MedSAM [5], are evaluated. 3D MR images of 80% patients are randomly se-
lected from the public and in-house datasets as the training data, respectively,
and the rest 20% patients are for testing. Moreover, in the training data, 10
patients are randomly selected to form a small set of labeled data for the public
and in-house datasets, respectively. Dice score, Hausdorff distance (HD), and
sensitivity (Sen), are adopted to evaluate the segmentation results.
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Fig. 3. Examples of MR and label images in the public (left) and in-house (right)
datasets. Each label image contains labels of bones (red) and cartilages (green).

3.1 Evaluation of Image Segmentation

Table [1] shows the evaluation results. Except for the sensitivity of bones on the
two datasets and HD of bones on the in-house dataset, our framework achieves
the best performance of all methods. Since the small set of labeled data (10
patients), the UNet show inferior performance compared to most of the SSL
methods. For both datasets, our framework is convergent after four iterations.

Table 1. Evaluation of segmentation results using each method in testing phase.

SKI10 In-house
Methods Dice HD Sen Dice HD Sen
UNet bone 0.8414+0.300 10.656+14.122 0.8414+0.303 0.832+0.169 27.061+19.636 0.760+0.176
cart 0.5591+0.191 20.851+15.993 0.6384+0.229 0.4314+0.238 40.767+35.355 0.4124+0.259
UCMT bone 0.843+0.260 14.427+16.070 0.951+0.167 0.898+0.144 9.565+7.828 0.960+0.108
cart 0.666+0.215 19.536+27.357 0.613+0.221 0.218+0.162 76.407+18.334 0.109+0.087
SCP-Net bone 0.84440.296 17.9134+28.712 0.856+0.302 0.869+0.186 21.920+27.912 0.846+0.204
cart 0.628+0.196 16.529+18.220 0.6914+0.232 0.405+0.222 48.516+31.881 0.366+0.226
SS-Net bone 0.919+0.168 24.559+35.172 0.929+0.178 0.869+0.167 27.970+32.003 0.869+0.185
cart 0.642+0.189 14.460+16.860 0.624+0.203 0.560+0.168 42.974+33.117 0.584+0.189
BCP bone 0.837+0.299 17.636+25.578 0.834+0.305 0.846+0.160 27.763+24.912 0.806+0.171

cart 0.6274+0.203 16.114+17.240 0.64840.238 0.3954+0.211 42.406+33.622 0.30740.188
Semi-MedSAM bone 0.833+0.301 11.993+13.608 0.817+0.301 0.834+0.170 26.651+£18.980 0.765+0.175
cart 0.5584+0.189 19.9654+15.261 0.6544-0.221 0.43240.242 40.303+37.072 0.41540.262
bone 0.9494+0.070 9.962+12.414 0.936+0.089 0.908+0.160 12.019+13.167 0.885+0.179

cart 0.670+0.178 12.194+14.437 0.7294+0.190 0.569+0.214 21.791+17.443 0.5384+0.233

Ours

Examples of segmentation results using all methods under evaluation are
shown in Fig. [ and the segmentation results of our framework are more con-
sistent with the ground truth (GT) than the other methods.

3.2 Ablation Study

In the ablation study, our framework without the UAM and SA-MB is evaluated,
respectively. For our framework without the UAM, confidence maps at current
iteration are used to generate prompts, and the key frames selection follows
the original rule in SAM2, e.g., every three slices. Table |2 shows the evaluation
results which demonstrate that both UAM and SA-MB play positive roles in
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Fig. 4. Examples of segmentation results using all methods under evaluation on SKI10
(top) and in-house (bottom) datasets.

the segmentation. Moreover, to show the effect of iterative pipeline, Dice scores
of pseudo-labels of unlabeled data after each iteration are calculated, and it is
clear that the quality of pseudo-labels are iteratively improved.

Table 2. Dice scores of segmented unlabeled images after the UNet and SAM2 in each
iteration in training phase and segmentation results in testing phase.

Dataset UAM SA-MB Model label Iter-1 Iter-2 Iter-3 Iter-4 Testing

SKI10

UNet

bone 0.841+0.300 0.851+0.300 0.857+0.296 0.857+0.292 0.8524+0.294
cart 0.56040.191 0.427+0.221 0.410+£0.231 0.406£0.242 0.560+0.189

SAM2

bone 0.850+0.292 0.855+0.293 0.858+0.288 0.857+0.288
cart 0.44440.216 0.407+0.178 0.396+0.241 0.393£0.238

UNet

bone 0.841£0.300 0.85540.296 0.85940.290 0.860+0.289 0.867+0.291
cart 0.56040.191 0.444+0.216 0.427+0.232 0.403£0.229 0.599+0.188

SAM2

bone 0.859+0.294 0.857+0.288 0.857+0.293 0.860£0.284
cart 0.50640.215 0.43440.226 0.414+0.190 0.397+0.180

UNet

bone 0.841£0.300 0.856+0.295 0.86340.291 0.860+£0.296 0.94940.070
cart 0.56040.191 0.600+£0.188 0.614+0.190 0.627+0.182 0.670+0.178

SAM2

bone 0.873+0.270 0.860+0.294 0.86140.293 0.865+0.291
cart 0.60740.176 0.604+0.184 0.624+0.177 0.631+£0.183

In-house

UNet

bone 0.84340.156 0.869+0.140 0.876+0.132 0.884+0.129 0.854+0.301
cart 0.34540.230 0.367+£0.233 0.3864-0.231 0.348+0.238 0.3611+0.282

SAM2

bone 0.845+0.218 0.871+0.222 0.833+0.175 0.871+£0.097
cart 0.28740.227 0.33540.215 0.335+0.214 0.303£0.224

UNet

bone 0.843+0.156 0.87440.134 0.87840.125 0.877+0.128 0.857+0.301
cart 0.34540.230 0.389+0.232 0.391+0.215 0.411+0.231 0.474+0.208

SAM2

bone 0.858+0.146 0.881+0.142 0.88840.122 0.888+0.129
cart 0.303%0.249 0.385+0.257 0.397+0.254 0.398+0.251

UNet

bone 0.843+0.156 0.8814+0.142 0.90940.122 0.916+0.120 0.90840.160
cart 0.34540.230 0.384+£0.232 0.429+0.247 0.450£0.244 0.569+0.214

SAM2

bone 0.869+0.200 0.887+0.122 0.916+0.107 0.916+0.106
cart 0.36240.235 0.39340.228 0.4324+0.247 0.453£0.245
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4 Conclusion

A novel foundation-dedicated model based semi-supervised learning (SSL) frame-
work is proposed for medical image segmentation. An iterative pipeline was
adopted in our framework, where prompts, pseudo-labels and dedicated model
can be iteratively and mutually enhanced. Moreover, a new uncertainty-aware
module (UAM) was presented to optimize key frames selection and prompts
generation for SAM2. A new semantic-aware memory bank (SA-MB) was pro-
posed, where memories are divided into different semantic groups, in this way,
anatomical prior knowledge can be leveraged by SAM2. Experimental results on
public and in-house datasets demonstrated that our framework outperformed
the state-of-the-art SSL methods, and the UAM and SA-MB are effective.
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