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Abstract—Hyper-spectral imaging captures spatial and spec-
tral information of a subject. This is used for the identification
of substances within a scene, and food analysis. Presented is
an investigation into the capabilities of encoder/decoder deep
learning architectures for hyper-spectral image reconstruction
from RGB images. For this analysis state-of-the-art (SOTA)
techniques for hyper-spectral image reconstruction and other
architectures from different fields have been used. Our approach
examines a food science case study, using a CPU-based server
and different accelerators. An in-house multi-sensor setup was
used to capture the dataset which contains hyper-spectral images
of twenty slices of different Spanish Ham in the range of 400-
100 nm and their analogous RGB images. The results show
no degradation in the output when moving outside of the
visual range. This study shows that the SOTA methods for
reconstructing from RGB do not produce the most accurate
reconstruction of the spectral domain within the range of 400-
1000 nm.

Index Terms—Hyper-spectral image reconstruction; RGB;
deep learning; GPU accelerators;

I. INTRODUCTION

Hyper-spectral imaging (HSI) is an emerging field which
aims to combine the advantages of optical spectroscopy and
those of two-dimensional object visualization. The light which
hits each pixel is broken down into multiple different spectral
bands to provide more information about the image. The spec-
tral information gathered is added to the spatial information of
the two-dimensional image to create a three-dimensional data
cube [21] [23]. This spectral information aims to facilitate
finding objects, identifying materials, or detecting processes
and is currently used in multiple applications such as food
analysis [12], autonomous driving [11], and mapping [9],
to name a few. While HSI has been proven valuable, the
equipment used to acquire this HSI information is typically
difficult to operate and is accompanied by an expensive price
tag for the sensor.

To mitigate the previous disadvantages, there have been a
number of proposed methods for reconstructing hyper-spectral
images from a corresponding RGB image [29]. These methods
allow for the exclusion of the spectral camera equipment
needed to capture this data. This allows for an alternative to
the traditional method which would enable the promotion of
the imaging technique within fields such as food inspection
and quality assurance, which are incapable of adapting this
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technology due to the extremely high cost of entry. Hyper-
spectral imagery has been reconstructed previously [3]. How-
ever, the majority of existing work in hyper-spectral imagery
reconstruction is carried out within the visual range. This is
due to the spectral representation within an RGB only covering
this visual range of 400-700nm [1]. Most existing approaches
to HSI reconstructions build on the advances of deep learn-
ing (DL), particularly on encoder/decoder convolutional neural
network (CNN) [4].

The contributions of this paper are:

o A selection and adaptation of state-of-the-art (SOTA) en-
coder/decoder neural architectures for HSI reconstruction.

o Exhaustive comparison and evaluation of 10 neural archi-
tectures for a challenging HSI reconstruction outside of
the visual range.

¢ Development of an RGB-2-HSI reconstruction model for
Spanish Ham analysis.

o Evaluation on a CPU-based server and a selection of
different accelerators (i.e. edge devices and GPU-based
servers) to identify the capabilities of each model when
deployed in a variety of environments.

II. RELATED WORK

Existing methods for spectral reconstruction can be split into
prior-based and data-driven methods [29]. Prior-based methods
are those that narrow down the solution space through the use
of prior knowledge as constraints. However, these methods
suffer from poor spatial structure similarity and correlation
between spectra. On the contrary, data-driven methods rely on
recent advances in various neural network architectures, which
take advantage of abstract automatically-derived features, and
the availability of increasingly large-scale data sets. Zhang
et al. [29] found that on a number of open-source data
sets, data-driven methods constantly outperformed prior-based
methods. The data-driven methods can be broken down into
the following categories, according to the neural network
backbone architecture: CNN [8], U-Net [19], GAN [20],
Dense Network [15], Attention Network [10], and Multi-
branch Network [28].

In [29], the authors performed a systematic review of more
than twenty-five SOTA spectral reconstruction methods. The
methods were compared using 5 different data sets, comprising



both indoor and outdoor scenarios with natural and controlled
lighting. All of these data sets cover the range of 400-700 nm.
It was found that the models that were categorised as Attention
Networks performed the best due to their increase in network
complexity over the other model types. However, the data sets
used are not a great representation of how hyper-spectral data
is normally presented, as there is a lack of spectral bands
compared to the number seen in a hyper-spectral scene [18],
and the target reconstruction does not stretch further than the
visual range. In this regard, Zhang et al. [29] state that it
may be challenging for Attention Networks models to perform
greater amounts of spectral up-sampling and maintain this high
accuracy reported.

Further extensions and complex models such as transformer-
based networks like MST++ [4] and attention-based networks
like HRNet [30] can potentially be utilised to perform similar
or better reconstruction outside the visual range, although this
has not been performed in the literature. Similarly, other re-
lated U-net [19], attention [10] and transformer networks [14]
existing in related disciplines (deblurring, super-resolution,
etc) have the potential to perform highly in our out-of-visual-
range HSI reconstructions. While these methods have not been
explored in this task, we aim to validate their performance and
compare them against HSI-specific as part of this study.

III. RESEARCH METHODOLOGY
A. Ham Dataset

In order to validate our approach in a real food analysis
test case, a data set of Spanish ham images was recorded.
This data set consists of 20 images containing ham, which
were all captured under the same illumination scenario and on
the same background. The background was specially chosen
to give a consistent illumination and reflectance level for the
entire image. Two cameras, one RGB and one hyper-spectral
camera were used. For the hyper-spectral sensor, the spatial
resolution of these images is 780 x 424 pixels and the spectral
resolution is 5 nm from 400-1000 nm giving 121 spectral
bands. An integration time of 15.0 ms was used with an
acquisition distance of 550 mm. Corresponding RGB images
have been generated from the hyper-spectral images with a
resolution of 780 x 424 pixels.

B. Encoder/Decoder Deep Learning Techniques

The following SOTA models will be analyzed:
HSCNN+ [22], HRNet [30], EDSR [17], HDNet [13],
HINet [7], MIRNet [26], Restormer [25], MPRNet [27],
MST [3], and MST++ [4]. These models encompass a variety
of different structures and techniques, including U-Net-based
models, transformer-based solutions and a collection of
models which incorporate a residual approach.

1) Hyper-spectral Reconstruction: HSCNN+ [22] HSCNN-
D replaces the residual block which was implemented within
HSCNN-R with dense ones, which utilise a path-widening
fusion scheme that helps in the handling of the gradient
issues seen in HSCNN-R. As such, HSCNN-D is capable of
learning a better map relation than the other implementations

of HSCNN, making this version our choice in the comparison
due to it taking feature fusion as a concatenation block.

HRNet [30] is a network which consists of four hierarchical
stages, with each stage being convolutional layers, residual
dense blocks and residual global blocks.

HDNET [13] is a high-resolution dual-domain learning net-
work. This network utilises a spatial-spectral attention module
and frequency-domain learning by implementing a supervisor
module.

MPRNet [27], Multi-Stage progressive image restoration
network is a multi-stage architecture which involves infor-
mation exchange between the different stages from early to
late stages along with lateral connections between the feature
processing blocks to avoid loss of information. A supervised
attention module is used between every two stages of the
network and learns to refine the features of one stage before
they are passed to the next stage.

MST [3] or Mask-guided spectral-wise transformer which is
a novel framework that utilises a CASSI system and spectral-
wise multi-head self-attention (S-MSA) modules. A mask-
guided mechanism (MM) is used to direct the attention of
S-MSA to the spatial regions of the scene which have a
high-fidelity spectral representation. A U-Shaped structure
is followed, which incorporates an encoder, bottleneck and
decoder.

MST++ [4] is a multi-stage spectral-wise transformer,
which is constructed of single-stage spectral-wise transformers
(SSTs). The U-Shaped SST consists of an encoder, a bottle-
neck and a decoder. These sections of the SST are constructed
from Spectral-wise attention blocks (SABs), which consist of
a Feed Forward Network and a Spectral-wise multi-head self-
attention (S-MSA) module.

2) Super Resolution and Denoising: HINet [7] or Half
Instance Normalization Network consists of two sub-networks,
with each being based on U-Net. A convolutional layer is used
within each stage to extract the initial features, which are then
passed down the encoder/decoder structure of the U-Net which
performs down-sampling and up-sampling. The sub-networks
are connected through the use of a cross-stage feature fusion
(CSFF) module and a supervised attention module (SAM).

EDSR [17] builds upon the results seen by Ledig et al.’s [16]
SRResNet by employing a better ResNet structure. This was
done by removing the batch normalization layers from the
network.

MIRNet [26] is a network built from the core approach
of a multi-scale residual block (MRB). MRB consists of
parallel multi-resolution convolution streams, which extract
multi-scale features and exchange information across these
streams. The full-convolutional streams which are incorporated
within MRB consolidate the high-resolution features with
the help of the low-resolution features, and vice versa. The
selective kernel feature fusion (SKFF) which is used, performs
adjustments through two operations, fuse and select.

Restormer [25] or Restoration Transformer, is an efficient
Transformer model built upon multi-head attention and feed-
forward network blocks. The transformer blocks which make



up this model consist of multi-Dconv head transposed attention
(MDTA) and gated-Dconv feed-forward network (GDFN).

IV. EXPERIMENTAL EVALUATION

This section describes the performed experiments and dis-
cusses the results obtained. First, we detail the experimental
setup, next we describe the evaluation methodology and then
we present and discuss the results.

A. Experimental Setup

For training the models, we used a GPU server with two
24-core Intel Xeon Platinum 8168 CPUs, 512GB of RAM,
and an NVIDIA Tesla V100 GPU. For inference, apart from
the GPU server used for training, we also used:

¢ Another GPU server with an AMD FX-8350 CPU, 16GB
of RAM, and an NVIDIA GTX 1050ti GPU with 4GB
of VRAM.

e A CPU server with an AMD EPYC 7702 dual 64-core
(i.e. 128 core in total) processor, 786GB of RAM, and
without GPU.

o An edge device Jetson Nano with a 4-core ARM AS57
CPU, a 128-core Maxwell GPU, and 4GB RAM shared
by CPU and the GPU.

B. Evaluation Methodology

We compare the methodologies following standard evalua-
tion metrics such as Peak Signal to Noise Ratio (PSNR) [24]
and Root Mean Square Error (RMSE) [6]. RMSE, MSE and
PSNR are defined in Equation 1, Equation 2 and Equation 3,
respectively.

1 n
RMSE = (5) ;(yi —x;)? (1)
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R2
PSNR(x,y) = 10logy, (MSE)

In Equation 2, m is the number of rows in the prediction
image, n is the number of columns in the prediction image,
x;; is the pixel value from the prediction image and y;; is
the pixel value from ground truth image. In Equation 3, R is
the maximum pixel value of the images and M SE is Mean
Squared Error as calculated in Equation 2.

The Spanish ham data set (see Section III) was split into
16 testing and 4 validation images. Each method was trained
for 100 epochs with an initial learning rate of 0.00004 and
the Cosine Annealing scheme [5]. The loss function of Mean
Relative Absolute Error is used between the predicted hyper-
spectral image and the ground truth. The results of the methods
prediction for the four validation images can be seen in Table I.
In the next sections, we discussed these results.

In addition to the Spanish ham data set, we also validate
all methods in a standard data set ARADIK [2] to validate

3)

the correct functioning and performance for RGB to hyper-
spectral reconstruction within the visual range of 400-700 nm.
The setup for this experiment was the same as the previous one
carried out for the Spanish Ham data set. The results of this
experiment can be also seen in Table I, this gives context to
the results of the Spanish Ham data set experiment by creating
a baseline.

TABLE I
RMSE AND PSNR OF ALL MODELS, TESTED IN THE ARADI1K AND
SPANISH HAM DATASETS

Models Results
ARADIk Spanish Ham

RMSE | PSNR | RMSE | PSNR

MST++ [0.024760{18.96000{0.031600{30.309150
MST [0.025500]19.03200|0.032200{30.098575
HSCNN+{0.058800{26.36200{0.030250(28.850250
MPRNET [0.027000|33.49600|0.028000{31.348475
HDNet [0.031700(32.12950]0.028475{31.091650

Restormer|0.027400{33.40270(0.033800{29.666400
MIRNET [0.027360|33.29350|0.031100{30.499300
HINet ]0.030346|32.50730(0.036325|28.934750
EDSR {0.043725(28.29130(0.028575|31.084375
HRNet |0.054950(26.89298|0.033425(29.827650

C. Spectral Analysis

As we step further from the visual range towards the near-
infrared (NIR) range, we expect the spectral reconstruction
to deviate from the ground truth further due to the lack of
representation within the initial RGB image. However, once
we look at the PSNR of the spectral bands outside the visual
range and their RMSE as well, we can see there is no great
difference between these spectral bands and those within the
visual range, indicating that all methods successfully predict
outside the visual range. There is no great change in the RMSE
when moving outside the visual range, this can be seen in
Fig. 1.

D. Comparison of Techniques

From the results shown in Table I, we can see that MPR-
NET [27] on average performs the best when recreating a
hyper-spectral image of 121 bands from 400 - 1000 nm from
an RGB image. It is also the best in the visual range, as per
ARADI1k dataset, as indicated by PSNR and similar RMSE
to MST++. The results seen on the ARADIk match that
presented [2] Based on the measurement of RMSE, on average
the worst-performing method is HINet [7]. MPRNET [27] is
not the most complex of the models put forward in this review.
The notable difference between MPRNET [27] and other
models is the nested inclusion of U-Net models within the
overall network. This is in comparison to other models such as
MST and MST++ which follow a U-Net-based structure. With
respect to PSNR, on average HSCNN+ [22] was the worst
performer, despite being the only model presented which has
been tested outside of the visual range. This can be explained
due to the simplicity of the model in comparison to the other
models in the review. HINet [7] on average has the highest
RMSE on the validation set. This is unusual as HINet [7]
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Fig. 1. RMSE of each model over wavelength band on the Spanish ham Dataset.

has a parameter count of 79 million, the model was originally
created to boost performances on low-level image restoration
tasks such as de-noising. De-noising data sets are easy to
create through the addition of artificial noise. This means large
data sets are easy to create which leads to large inefficient
models being created. Whereas, this application has a limited
data set due to the nature of the application.

E. Comparison of Accelerators

As commented in Section IV-A, inference was executed on
a selection of different accelerators to identify the capabilities
of each model when deployed in a variety of environments and
to be deployed in an embedded device. The execution time of
the inference on these hardware types can be seen in Table II.

Depending upon the use case of the model there may
be limitations or specific qualities needed from the model,
e.g. faster inference time and lower memory utilization. As
expected, an edge device like the Jetson Nano needs more
time than the rest. The two GPU servers perform similarly,
while the CPU server is the one obtaining the best results in
our experiments. Note that contrary to what usually happens
on training, CPU performs better than GPU on inference,
because the overhead of moving data to/from the GPU is not
compensated by the reduction in computing time.

TABLE II
EXECUTION TIME ON THE VALIDATION IMAGES
Models Execution Time in Seconds No. Params (M)
Nano | 1050ti | V100 | CPU

MST++ 13.93 2.44 1.84 1.45 24
MST 14.833 2.69 1.99 2.16 35
HSCNN+ | 11.34 1.84 1.72 0.57 4.7
MPRNet 12.61 2.61 2.10 2.40 55
HDNet 11.19 1.82 1.68 0.69 2.7
Restormer | 12.10 2.13 2.18 1.05 151
MIRNET 16.67 4.70 3.96 2.78 57
HINet 17.25 3.44 4.81 3.44 79
EDSR 9.15 1.75 1.60 0.47 2.5
HRNet 11.35 2.22 2.90 1.44 79

From this table, some analysis can be derived. EDSR,
HSCNN+ and HDNet are the fastest predicting methods. These
computational performances are justified by the number of
parameters that each network has. When comparing with the
reconstruction error, we can discard EDSR and HSCNN+
given their poor reconstruction. We can conclude then that
HDNet shows the best balance between reconstruction (Ta-
ble I) and computational performance (Table II). Therefore, it
would be a good choice for an embedded or CPU implementa-
tion. However, if computational resources are not constrained,
MPRNet running on a GPU server is still a suitable choice.

V. CONCLUSION

In this paper, a systematic evaluation and comparison of
different methods that could be used for reconstruction from
RGB images to hyper-spectral images has been performed,
including HSCNN+, HRNet, EDSR, HDNet, HINet, MIRNet,
Restormer, MPRNet, MST, and MST++. An ambitious RGB-
2-HSI reconstruction outside of the visual range has been
tested for the first time, achieving competitive results. Some
of the proposed methods have never been applied to HSI
reconstruction and still showed a competitive performance.

These methods have been applied to a novel data set, in
addition to experiments on a standard dataset, in order to
compare their performance. Each model has been evaluated
based on RMSE and PSNR. The capabilities of these models to
reconstruct a hyper-spectral image from a single RGB image,
outside of the visual range and towards the near-infrared range
have been shown.

The use of MPRNET, to reconstruct hyper-spectral images
of ham shows that it could be a promising approach for
other fields. There is a potential for MPRNET to be used to
reconstruct hyper-spectral images in both a higher spatial and
a higher spectral resolution. The use of the model for different
domain reconstructions would require a new library of hyper-
spectral images to train. Although the reconstruction model
is built on a ham data set, it can probably be transferred to
another similar domain with a different lighting situation.



Our approach was also evaluated using a CPU-based server
and a selection of different accelerators. As expected, the
edge devices perform worst but, depending on the use case
of the model, it could be useful. MPRNET and HDNet were
highlighted in this comparison as a good balance between
reconstruction and computational performance.

In the future, we plan to extend the experimentation to other
data sets and other methods which present a more robust tech-
nique to handle a greater variety of scenes. Experimentation
to find the limitation of the spectral range of reconstruction
before the spectral integrity is lost will also be carried out.
This approach to RGB-2-HSI reconstruction can help lead to
a more sophisticated approach, which can be supplemented
with the use of a lower-cost instrument such as a near-infra-
red probe to further the reconstruction range (1000-2500 nm).
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