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ABSTRACT 

Self-supervised pre-training has been shown to improve deep learning networks in various tasks including natural language 

processing and computer vision. While this approach has shown promise in various fields, more development and 

translation need to be dedicated to medical imaging applications. Current literature scarcely focuses on thorough 

assessment of implemented pre-training approaches as well, potentially hindering performance in downstream tasks. In 

this work, we leverage a state-of-the-art pre-training architecture with hyperspectral imaging (HSI) to effectively encode 

spatial and spectral features of various ex vivo tissues. We utilize a masked image modeling scheme to perform pre-training 

on an internal dataset captured with a high-speed hyperspectral laparoscopic imaging system. Our network implements 

sequential spectral and spatial attention, factorizing the model for efficiency. Evaluation of both pre-training and finetuned 

classification was performed on a validation dataset unseen in either set to prevent data leakage. Pre-training results are 

qualitatively assessed through reconstruction visualization and quantitatively assessed with mean absolute error (MAE), 

achieving a value of 0.0294 on the validation dataset. To test the capabilities of the pre-trained model, we finetuned the 

network as an abdominal tissue classifier, achieving 87.9% accuracy on 17 classes with frozen model weights. Overall, 

we present a masked autoencoding framework for the pre-training of hyperspectral images with an emphasis on the 

evaluation of the network for potential improvements in downstream tasks such as tissue classification and segmentation. 
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1. INTRODUCTION 

Attention-based deep learning models, transformers, have been extensively explored since their inception [1]. Variations 

of the architecture have been constructed for a variety of tasks, including a divergence from natural language processing 

tasks to computer vision (CV) [2], with many of the leading models using transformer components. A recent application 

of this architecture was in the domain of self-supervised training for improved performance called masked autoencoding. 

The use of masked autoencoders (MAEs) has been shown to increase accuracy and improve training times in various CV 

tasks when used for pre-training. The basic premise includes introducing "masking" to random patches of pixels in the 

input. The model is then exposed to the limited input (unmasked patches) and tasked with predicting the masked patches. 

Slightly different approaches exist with variations introduced throughout the pipeline, including the method of 

reconstruction, which can be a lightweight transformer [3, 4] or a simple linear layer [5], and how or when to introduce 

masking. Applications have been primarily in RGB image analysis, which have seen medical translation in works such as 

Prov-GigaPath [6], UNI [7], and CONCH [8] which focus on whole-slide histology tasks. 

Hyperspectral imaging (HSI) captures both spectral and spatial features of imaged scenes [9] and has shown the ability to 

outperform RGB imaging in tasks with comparable dataset sizes [10, 11]. Previously, networks for medical HSI have 

largely been convolutional-based [12, 13] or simply artificial neural networks [14], with applications of modern 

transformer architectures scarce and largely attributed to the remote sensing community [15]. While convolutional 

approaches lend themselves well to CV tasks generally, due to the inductive bias towards spatial reasoning and 

translational equivariance present via shared weights, transformers have been shown to outperform them given sufficient 

model and dataset size. The self-attention mechanism that underpins the transformer allows for long-range dependencies 
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to be made and global features to be extracted from datasets. As such, our work seeks to leverage the capabilities of 

transformers, particularly in a masked autoencoder, and assess its downstream performance in medical HSI through pre-

training on an ex vivo tissue dataset we have curated. 

2. METHODS 

2.1 Dataset acquisition 

Hyperspectral images were acquired using a setup similar to our previous work [16]. Optical modifications were made to 

incorporate three high-speed hyperspectral cameras that utilize spectrally resolved detector arrays. Hypercubes were 

registered and combined to produce a final image with a raster size of 510 x 270 x 55, including band images from 460 

nm – 960 nm. A C++ application developed for the system was used for imaging and further processing was performed in 

MATLAB. The dataset utilized in this work consisted of ex vivo abdominal tissues from porcine, bovine, and galline 

animal models. Standard HSI processing including white reference calibration and dark current correction were performed.  

The dataset used in this work consisted of over 1100 hyperspectral images from up to eight organs across four animal 

models, resulting in 17 unique classes. The overall class distribution can be seen in Figure 1. A train/test split of 75/25 

was utilized resulting in 864 images for training and 289 for testing. The final 10 bands were dropped due to noise and 

center cropping was performed as a preprocessing step, resulting in a final image size of 224 x 224 x 45. With a patch size 

of 16 x 16 x 5, this results in 1764 patches per image, resulting in over 1.5 million spatial-spectral patches for training.  

 

Figure 1. Hyperspectral imaging dataset of various types of tissue for training and evaluation. 

 

2.2 Network architecture for pre-training 

We leverage an architecture based on MaskedSST [15] with modifications made to suit our application. The architecture 

was originally designed for use in remote sensing which generally has lower spatial resolution and higher spectral 

dimensions when compared to medical HSI. As such, input parameters were significantly altered to reflect this difference, 

including larger spatial and decreased spectral patch sizes. The architecture can be visualized in Figure 2. Random masking 

is utilized at a ratio of 0.6 and block-wise patch embeddings, a feature leveraged in the original work, was implemented. 

This allows each spectral block to have a unique embedding as opposed to a single learned embedding for all patches. We 

used a transformer with an embedding dimension of 1024, multi-layer perceptron layer with 256 dimensions, depth of 12 

layers, and 12 heads. Pre-training was performed for 1000 epochs using AdamW optimizer [17] with a learning rate of 

1𝑒−4on a Nvidia RTX A6000 GPU for 18 hours.  
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Figure 2. Block diagram outlining masked autoencoder workflow for hyperspectral image reconstruction. Masked and 

unmasked features are fed into a linear layer to predict missing intensities. Mean absolute error of masked pixels then used 

for training. 

 

2.3 Evaluation and Finetuning 

Qualitative evaluation of self-supervised pre-training consisted of visual assessment of the reconstructed hypercube. 

Scripting in Python was performed to visualize masked patches and the corresponding reconstruction in the validation set. 

As random masking was performed, the reconstruction visualization varies in each band image. To assess performance 

throughout the captured spectral range, we visualize six spectral images sampled throughout the captured hypercube. 

Quantitative assessment of the pre-training task is gauged by the MAE of reconstructed patches compared to their ground 

truth intensities, which are calculated as a per pixel average over all masked patches in the validation set.  

In order to assess the ability of the model to learn high-level features of the data, we further tested the performance of the 

pre-training task by training a classifier with the learned model weights. To implement this, the spatial-spectral transformer 

from pre-training was used without altering the weights. The validation set from earlier was reserved for testing while the 

model was finetuned on a new split of the training data. The output from the model was averaged across all patches, 

producing a single feature vector which was used as input to a fully-connected perceptron layer. Therefore, only model 

parameters associated with this layer were tuned during backpropagation. Top-1 and top-3 accuracies were evaluated as 

metrics to assess the performance of the finetuned model, with top-1 accuracy gauging the frequency with which the model 

correctly predicted the class as its top choice and top-3 accuracy including predictions if the ground truth label was in the 

model’s top three choices. 

3. RESULTS 

3.1 Qualitative reconstruction results 

Upon completion of pre-training, we evaluated the performance of the autoencoder by visualizing reconstructed bands 

from hypercubes outside of the training set. Figure 3 demonstrates the performance of the network to reconstruct imaged 

pork intestine at band images throughout the input. The image shows a variety of high- and low-level features, as well as 

varying reflectance intensities as assessed from the visible to near-infrared range. General contours of the tissue are 

recovered despite the limited unmasked input. Some finer details, such as the small notch present in the bottom right corner 

of the sample, are accurately reconstructed as seen in the 29th band image. Other features, such as the remaining dark area 

characteristic of the endoscopic view in the top left corner of later bands, aren’t as accurately reconstructed when masked 

out. Overall, the stitched images indicate the successful learning of spectral and spatial features by the network. 

3.2 Quantitative performance and finetuning 

Upon completion of the pre-training task, our model achieved an average MAE of 0.0244 and 0.0294 on the training and 

validation sets, respectively. While the model was trained for 1000 epochs, MAE values plateaued after approximately 

600 epochs. Training error was relatively lower than the validation set, suggesting slight overfitting by the model 

potentially. Figure 4 highlights the performance of the network when finetuned for classification, showing the predictions 

against the ground truth labels. Overall, the diagonal is the most heavily populated region of the plot, suggesting the 

features learned during pre-training are significant and can be used to distinguish tissues accurately. Top-1 and top-3 

accuracies of 87.9% and 98.3% were achieved. Cells outside the diagonal indicate misclassifications. Identical organs 
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from different animal models or spectrally similar organs contribute to a large portion of these errors, particularly kidney, 

liver, and spleen tissue across the imaged animals.   

 

Figure 3. Masked reconstruction performance compared to original band images. Each column corresponds to a different 

band image from the hypercube. The top row shows the original band image. The middle row displays the remaining visual 

information for the network while the bottom row displays the stitched reconstruction. 

 

 

Figure 4. Confusion matrix of the finetuned model on tissue classification task. 
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4. DISCUSSION AND CONCLUSION 

We present a deep learning architecture for pre-training for medical HSI that has the potential to improve downstream 

tasks such as cancer classification and tissue segmentation in the future. We emphasize the thorough evaluation of the pre-

training performance of the model, as optimal pre-training allows networks to learn relevant features of the target dataset 

more effectively. Further, we assess the application of the model on a downstream classification task on a dataset with 17 

classes. While these architectures have seen use in other fields, medical HSI has yet to be an area of focus and improvement 

with these networks.  

Deep learning techniques pose substantial promise as they can parse and interpret the large amounts of data and features 

offered by HSI. Transformer architectures, with their ability to scale with large amounts of data, could be the key to 

unlocking the full potential of HSI. We demonstrate the ability of a masked image modeling scheme to perform 

unsupervised pre-training on a set of ex vivo tissues imaged with a high-speed HSI setup and later perform classification 

with raw features extracted from input hypercubes. While the performance of our model showed competence in 

reconstruction with regards to spectral features, there is room for improvement and expansion. The hyperparameters could 

be further tuned (masking ratio, patch size) and larger, more diverse datasets can augment our current corpus. Alternative 

masking strategies, such as tube and spectral masking, can also be investigated for the ability to improve the model’s 

performance and ability to learn robust features. Future work will emphasize not only the improvement in pre-training, 

but also investigate performance boosts in downstream tasks such as patch-wise classification and pixelwise segmentation. 

In the future, this model and architecture may allow for state-of-the-art classification abilities when coupled with HSI. 
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