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1. Introduction



• Current medical image segmentation models all use a slice-by-
slice method to segment 3D images, ignoring the 3D spatial 
information between the slices, and therefore perform poorly on 
3D medical images.



• Some researchers have trained 3D adapters by freezing 2D layers so 
that the model can learn from 3D images. However, these 
approaches have two limitations:

• (1) Limited data size: Their models are trained only on a limited data 
size and a limited number of target types.

• (2) Inherent 2D architecture: their models always adhere to 2D 
design paradigms (e.g., frozen 2D encoders), limiting the ability to 
fully model 3D spatial information.



2.Datasets



• The dataset contains 21K 
medical images and 131K 
masks which is probably the 
largest volumetric medical 
image segmentation dataset to 
date. The dataset covers 27 
modalities (CT and 26 MRI 
sequences) and 7 anatomical 
structures.

2.1 Training



• Selected 13 public benchmark datasets to scrutinize various 
clinical scenarios, and incorporated 2 additional datasets from 
the MICCAI 2023 Challenge to validate the performance of 
different models. 

• This validation set encompasses seven crucial anatomical 
structures, such as thorax and abdominal organs, brain 
structures, bones, and more. 

• It also includes five types of lesions that hold significant 
interest in the medical field, and a range of volumetric modalities, 
including CT, US (Ultrasound), and eight MRI sequences.

2.2 Testing



3.Method



• The modified 3D architecture of our SAM-Med3D. The original 2D 
components are transformed into their 3D counterparts, encompassing 
a 3D image encoder, 3D prompt encoder, and 3D mask decoder. 
3D convolution, 3D positional encoding (PE) and 3D layer norm are 
employed to construct the 3D model. 



4.Experiments

• Our method is implemented in PyTorch and trained on 8 NVIDIA 
Tesla A100 GPUs, each with 80GB memory. We use the Adam 
optimizer with an initial learning rate of 8e-4 and train for a total 
of 800 epochs. 



4.1 Quantitative comparison of different methods on our 
evaluation dataset

• Our experiments reveal that SAM-Med2D, which is SAM fine-
tuned with medical domain knowledge, clearly outperforms SAM



4.2 Evaluation on Different Anatomical Structures

• A&T represents Abdominal and Thorax targets. N denotes the 
count of slices containing the target object.

• As the number of prompt points increases, our SAM-Med3D 
maintains a leading position in the segmentation of most 
anatomical structures.
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4.3 Evaluation on Different Modalities 

• Even after the adaptation to medical images, the first-click 
performance of 2D SAM methods on MRI images remains sub-
optimal when compared to 3D methods that holistically work on 
the 3D images. 



4.4 Evaluation on Major Organs and Lesions

• Presents the comparison 
between our SAM-Med3D using 
1 point and SAM-Med2D using 
N points per volume.



4.5 Evaluation on Transferability

• Conduct a test of transferability on two frequently-used 
benchmarks for 3D medical image segmentation based on 
UNETR.

UNETR: 

Transformers for 

3D Medical Image 

Segmentation



4.6 Visualization

• Abd&Tho denotes 
Abdominal and Thorax.

• SAM-Med3D requires 
significantly fewer 
prompts.

• SAM-Med3D exhibits 
better inter-slice 
consistency.





5. Conclusion

• Present SAM-Med3D, a holistic 3D SAM model for volumetric 
medical image segmentation.

• SAM-Med3D achieves a 32.90% improvement than SAM when 
provided with 1 point per volume.

• For various anatomical structures like bone, heart and muscle, 
our SAM-Med3D outperforms other methods with a clear 
margin when limited prompt is provided.



Thank You!


