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1.Introduction

What is SAM（Segment Anything Model）?

Segment Anything Model (SAM) is designed to segment an object of 
interest in an image given certain prompts provided by a user.

high performance in the zero-shot learning regime.

消除模糊性



Development of the SA-1B image dataset

2.Semi-automatic Stage1.Assisted-Manul Stage

3.Fully automatic Stage



Development of the SA-1B image dataset

2.Semi-automatic Stage1.Assisted-Manul Stage

3.Fully automatic Stage

All masks are fully automatically 

generated by SAM



How to segment medical images with SAM?

• Semi-automated annotation

• SAM assisting other segmentation models

• New medical image foundation segmentation models



2.Method



2.1Datasets
• 19 publicly available medical imaging 

datasets, includes planar X-rays(平面x

射线), magnetic resonance images 

(MRIs)（磁共振图像）, computed 

tomography (CT) images（计算机断层

扫描）, ultrasound (US) images（超声

图像）, and positron emission 

tomography (PET) images（正电子发射

断层扫描图像）. 



2.2. Data pre-processing

• Normalized: dividing all pixel values by the maximum value in that 
image and multiplying all pixels by 255.



2.3. Experiments

Prompting strategies

Non-iterative prompts (generated prior to SAM being applied) 

five prompting modes



Iterative prompts(generated after seeing the model’s predictions)

提示点生成方案

将第一个提示点 p1 初始化为掩膜前景中离背景最远的点

随意选择一点，作为第一个输入

获取预测误差区域
随后的提示点是距离迭代更新
误差区域边界最远的点 En

从公式中得到一组符合上述条件的点

将提示点的坐标输入SAM 得到预测分数最高的一个mask Y1​

多个提示点是在每次SAM输出的预
测 mask 的基础上迭代输入的过程

每次迭代得到一个En，
从中获得一个点作为输
入，更新误差预测区域



Prompt ambiguity.

• Prompts can be ambiguous, so SAM provides multiple outputs to remove 
the ambiguity.

• The user can select from multiple outputs the one that is closest to the 
desired object.



Variability in prompt placement

• Observe the performance of SAM when prompt points are at 
different locations.



2.3.2. Comparison with other methods

• compared SAM with three interactive segmentation methods, 
namely RITM (Sofiiuk et al., 2021), SimpleClick (Liu et al., 
2022),and FocalClick (Chen et al., 2022).



2.3.3. Performance evaluation metric

• Accuracy of generated masks、IoU、confidence interval



3.Results

Performance of SAM for different modes of use for 28 tasks

• The performance of SAM varies greatly across datasets, with IoU ranging from 0.9118 
to 0.1136.

• Box prompts are significantly better than point prompts.



Mode 2 (a point for each object part) 
and Mode 4 (a box around each 

object part) for 4 selected datasets

• High variability in SAM performance

Green: ground truth

Red: prediction of SAM

Blue: box prompt



3.2. Comparing SAM to other interactive segmentation methods

• SAM performed better than other methods on 24 tasks

• If mode 3 is used, SAM outperforms the other methods in all tasks



3.3. Performance of SAM and other methods for iterative 
segmentation

• SAM outperforms other methods in an interactive prompt setup.



• Prompt points increase, but SAM performance does not increase



3.4. Performance of SAM in the presence of ambiguity of prompts

• SAM performance 
is better when 
confidence is high



3.5. Performance of SAM given different locations of the 
prompt within the image

• For some tasks, there was no degradation in SAM performance when the 
prompt was not centered

• For other tasks, SAM performance degrades



3.6. Performance of SAM for objects of different sizes

• Situations where SAM performance improves for larger objects



3.7. Segment-everything mode for medical images

• A example of using SAM on medical 
images

• Divide the image into many different 
areas

• Dependent on the number of 
prompts

• It is not perfect.



4. Conclusions and discussion

• SAM’s accuracy for zero-shot medical image segmentation is 
moderate on average and varies significantly across different 
datasets and different images within a dataset.

• The model performs best with box prompts, particularly when 
one box is provided for each separate part of the object of 
interest.

• SAM outperforms RITM, SimpleClick, and FocalClick in the vast 
majority of the evaluated settings where a single non-iterative 
prompt point is provided.



• In the setting where multiple iteratively-refined point 
prompts are provided, SAM obtains very limited benefit from 
additional point prompts, except for objects with multiple parts.

• We find a small but non-statistically significant correlation 
between the average object size in a dataset and SAM 
performance.



Thank You!


