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Abstract

●Spectral super resolution (SSR) is the process of learning a 
hyperspectral image from an RGB image.

●Spectral super resolution allows us to adapt RGB cameras in 
surveillance instead of hyperspectral cameras.

●Experimental results show our work using DCT-based learning 
performs better than the state of the art HSCNN+ work. [12]

p.3



Introduction

●Hyperspectral imaging is useful in surveillance and remote 
sensing.

●Hyperspectral images have richer information in their spectral 
bands than RGB images. They can be used for high-level 
computer vision tasks such as image classification and detection.

●Hyperspectral imaging cameras have limited resolution and are 
expensive, so it is desirable to use RGB cameras to learn 
hyperspectral images.
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Introduction (Continued)
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Introduction (Continued)

● In hyperspectral images, each spectral band carries different 
information.

●The recent work in this area directly learns hyperspectral images 
from RGB images. In our work, we group the bands and use to 
DCT decomposition to learn each group of bands separately.
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Fig. 1. Cave Dataset with RGB image and Hyperspectral Images at different frequencies



Related Works
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● The initial work on Spectral Super Resolution used 
interpolation methods [10] to predict information in spectral 
bands.

● There have been several works using CNNs for SSR:
○ The initial work using CNN for SSR [4] created an 

architecture that was inspired by the classification network 
DenseNet [9].

○ Yigit Baran Can et al. [3] used a CNN architecture that has 
residual networks that were inspired by ResNet [6].

○ Inspired by the work of U-Net [11] in image segmentation, 
Yiqi Yan et al. [15] implemented a network structure which 
captures the spectral information in multiple scales.

○ HSCNN [14] adapted the VDSR architecture for SSR.



Related Works (Continued)
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● In our work, we adapted a transform-based learning approach 
where we transform images into the DCT domain and learn the 
SSR in the DCT domain.

● There are a few works for CNN-based classification networks 
using DCT [7].

● There are few works in super resolution that have used 
transform-based learning.

● Hege et al. [5] constructed a CNN-based super resolution where 
they learn the task via learning the DCT coefficients.



Proposed Method
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Fig. 2. Our Proposed Method where RGB image learns DCT Low Frequency and DCT High Frequency information



Proposed Method
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Fig. 1. Cave Dataset with RGB image and Hyperspectral Images at different frequencies



Proposed Method (Continued)
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Fig. 3. DCT transform images from CAVE dataset showing low frequency and high frequency information.



Proposed Method (Continued)
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● The following is the equation to determine the DCT of any 
image:

● The following is the equation for the L1 loss function:

● In (2), “y” is the DCT of the ground truth hyperspectral image 
and “x” is the input RGB image



Experimental Setup

●Dataset: CAVE (31 hyperspectral bands and 31 images)

●Train/Test Split: 21 images for training, 10 images for testing

●Random Sampling: 500 64 x 64 image patches

●Data Augmentation: Randomly flipped the patches vertically or 

horizontally

●Receptive Field Sizes: 30 for low frequency network, 23 for high 

frequency network

●Optimizer: Adam optimizer with default parameters

●Batch Sizes: 32 for low frequency and high frequency networks

●Loss Function: L1 loss function

●Learning Rate: 1e-4 and exponentially decayed the loss by 0.90 

every epoch
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Results
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Type PSNR SSIM

1-8 Bands 35.61 dB 0.967

9-16 Bands 37.32 dB 0.980

17-24 Bands 37.89 dB 0.980

25-31 Bands 29.12 dB 0.924

All Bands 32.90 dB 0.968

HSCNN-R 32.27 dB 0.959

Table 1. Test Results on Cave Dataset



Results (Continued)
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Fig. 4. Visual Comparison of different spectrum information of test images in CAVE dataset. From top to 
bottom we have ground truth difference map between ground truth and predicted image from HSCNN-R 

and our work



Conclusion
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● This is one of the first works to use DCT transform-based 
learning for SSR.

● We divided the hyperspectral image into 4 subgroups and then 
further decomposed the image into low frequency and high 
frequency information using DCT.

● We divided the hyperspectral image into 4 subgroups and then 
further decomposed the image into low and high frequency 
information using DCT.

● After learning the DCT coefficients, we do inverse DCT on the 
learned coefficients.

● We used the benchmark CAVE dataset and compared our work 
with the state-of-the-art HSCNN-R.



Conclusion (Continued)
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● We used the benchmark CAVE dataset and compared our work 
with the state-of-the-art HSCNN-R.

● We showed that our work has better performance than 
HSCNN-R.

● The results also showed that DCT works well with bands 
ranging from 400-640 nm, but the performance is not as good at 
higher spectrum.



Future Work
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● Find better spectral resolution in higher spectral domain regions

● Use other domain transforms, such as wavelet transform, to 
learn the textural information lost due to the pixel-wise loss 
function
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