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ARTICLE INFO ABSTRACT

Keywords: Multispectral imaging and the derived spectral analysis offer useful tools for revealing beneficial information
Near-infrared images for a variety of applications, e.g., precision agriculture, medical imaging and autonomous driving. Contrary
RGB images to mainstream RGB cameras that can capture information derived only from three bands within the visible

Coupled dictionary learning
Coupled autoencoders
Multispectral imaging
Hyperspectral imaging

spectrum, the multispectral cameras can offer better spectral resolution by utilizing the underlying information
in the visible and the near-infrared spectrum. However, the cost of the multispectral cameras is very high and
their mobility is limited due to their weight and their need for special hardware equipment. Considering
the aforementioned limitations, we propose two low-cost and efficient methods to infer detailed spectral
information outside the visible spectrum range by employing only an RGB camera. The proposed methods
require significantly less training data, containing approximately 99.8% less parameters compared to the
competing deep learning approaches and can be deployed on various edge devices with computational and
power constraints, e.g., mobile phones or unmanned drones for addressing problems in precision agriculture
under real-field settings. Extensive numerical results demonstrate the efficacy of the proposed models to
reconstruct images outside the visible spectrum. Additionally, the reconstructed images can be utilized to
estimate the normalized difference vegetation index (NDVI), which can reveal valuable information concerning
the health of the monitored plants without the need of a multispectral camera.

1. Introduction et al., 2000). Advances in signal processing and learning have provided
an opportunity to extend and ameliorate automated systems so as to

In recent years, multispectral imaging and the associated spectral monitor plant health and identify pathogens at the earliest stages of
analysis constitute remarkable tools for revealing and capturing infor- their manifestation (Arnal Barbedo, 2013; Mahlein, 2015). In view of

mation for a variety of applications across numerous domains. Different
from the mainstream conventional RGB imaging systems that are able
to capture information derived only from three spectral bands within
the visible electromagnetic spectrum, multispectral cameras can pro-
vide much more detailed spectral resolution, by utilizing the underlying
information that lies both in the visible and the near-infrared spectrum.

this, multispectral (Mahlein, 2015) imaging provides new insights into
the complicated pathogen-host system, enabling researchers to inves-
tigate the reflectance properties of the plants in various wavelengths
of the electromagnetic spectrum (visible, near-infrared), thereby lead-
ing to more efficient methods for plant disease detection from the

Thus, this detailed spectral information can be beneficial to numerous laboratory to greenhouses (Mahlein, 2015; Fahrentrapp et al., 2019).
challenging problems ranging from remote sensing, medical imaging As mentioned before multispectral sensors can capture images from
to autonomous driving and precision agriculture (Kussul et al., 2017; numerous spectral bands inside the electromagnetic spectrum. Concern-
Calvini et al., 2019; Charte et al., 2018). ing the plant monitoring applications, spectral bands inside the visible
As far as the precision agriculture domain is concerned, the em- spectral range (i.e., 400 nm — 700 nm) provide adequate information
ployment of multispectral imaging systems can be beneficial for both regarding the plant health. In more detail, due to the chlorophyll, a

the environment and the farmers. The spectral signatures of the soil
and the plants can be investigated in different wavelengths of the
electromagnetic spectrum at different production phases, thus allowing
crop monitoring, while reducing the use of excess water, pesticides,
and fertilizers (Garrett et al., 2006; Sladojevic et al., 2016; Chakraborty

healthy plant exhibits the strongest reflectance in the green spectral
band, and absorbs more radiation in the blue and red bands in order to
create more chlorophyll (Ustin and Jacquemoud, 2020). However, one
of the most informative spectral bands with the strongest reflectance

* Corresponding author.
E-mail addresses: st1003586@ceid.upatras.gr (A. Gkillas), dkosmo@upatras.gr (D. Kosmopoulos), berberid@ceid.upatras.gr (K. Berberidis).

https://doi.org/10.1016/j.compag.2023.107833

Received 28 September 2022; Received in revised form 26 February 2023; Accepted 2 April 2023
Available online 24 April 2023

0168-1699/© 2023 Elsevier B.V. All rights reserved.


https://www.elsevier.com/locate/compag
http://www.elsevier.com/locate/compag
mailto:st1003586@ceid.upatras.gr
mailto:dkosmo@upatras.gr
mailto:berberid@ceid.upatras.gr
https://doi.org/10.1016/j.compag.2023.107833
https://doi.org/10.1016/j.compag.2023.107833
http://crossmark.crossref.org/dialog/?doi=10.1016/j.compag.2023.107833&domain=pdf

A. Gkillas et al.

properties for monitoring the vegetation are those inside the near-
infrared spectrum. In the case, when a plant is attacked by a pest
and it is under stress, a strong variation of the reflectance of these
bands can be observed (Ustin and Jacquemoud, 2020). Finally, near-
infrared bands along with the red bands can be employed for estimating
vegetation indices, e.g., the most widely used vegetation indices is the
so-called normalized difference vegetation index (NDVI) (Jiang et al.,
2006), which can reveal valuable information concerning the plant
health (Mahlein et al., 2013).

Despite the high utility of multispectral technology, it goes along
with several complications that limit its application in precision agri-
culture (Gkillas et al., 2021). To be more specific, multispectral imaging
cameras are expensive, and they exhibit various mobility limitations
due to their weight and size and the need for specialized hardware
equipment, requiring expertise for its operation. Additionally, due to
the fact that the multispectral sensors capture multiple spectral bands,
in order to maintain a high signal-to-noise-ratio of each band, the
exposure time is long. Furthermore, compared to the conventional RGB
sensors, multispectral cameras often suffer from spatial and temporal
resolution issues. This can be attributed to the fact that the high
spectral resolution of the multispectral cameras reduces the density
of the photons at the sensor (Akhtar and Mian, 2020). Overall, these
limitations may constitute an obstacle for applications outside the
controlled environment of a laboratory.

Over the last years, great efforts have been devoted to the prob-
lem of reconstructing spectral bands inside the visible electromagnetic
spectrum (i.e., 400 — 700 nm) using only RGB images. The literature on
this problem is rich ranging from studies that employ shallow learning
models to studies that employ very deep learning architectures. On the
contrary, very few attempts have been made towards reconstructing
information outside the visible spectrum (i.e., near-infrared) based on
RGB signals only. Actually, as will be shown later, such a reconstruction
would be particularly useful to many practical applications. In this
section, we first provide a representative sample of methods dealing
with the visible spectrum and then we discuss the limited literature
concerned with the NIR spectrum. Particularly, Jia et al. (2017) a radial
basis network was employed to model the mapping function between
the RGB and multispectral signals. Arad and Ben-Shahar (2016) a
dictionary learning approach was proposed to recover hyperspectral
images from RGB measurements. Moreover, Wu et al. (2017) pro-
pose a shallow learning method employing an anchored neighborhood
regression model to recover hyperspectral information.

In recent years, various deep learning approaches have been pro-
posed (Alvarez-Gila et al., 2017; Zhu et al., 2021b; Li et al., 2020; Peng
et al., 2020; Kaya et al., 2019; Zhu et al., 2021a; Yan et al., 2020;
Zhao et al., 2020; Li et al., 2020). Shi et al. (2018) employ effectively a
residual convolutional neural network for the hyperspectral reconstruc-
tion problem. Zhao et al. (2020) introduce a hierarchical regression
network to recover hyperspectral information from RGB signals. Li et al.
(2020) propose an adaptive weighted attention model for recovering
multispectral information using the sensitivity function of the RGB
camera. Yan et al. (2020) propose a U-net-based model to reconstruct
spectral signals from RGB images.

It should be emphasized that the above studies aim only to recover
spectral bands inside the visible spectrum. Nonetheless, in various set-
tings and real-world applications, e.g., plant health monitoring (Jiang
et al., 2006; Fahrentrapp et al., 2019) and medical imaging (Lu and Fei,
2014), the spectral bands that belong in the near-infrared spectrum con-
tain the most valuable information, whereas the information derived
from the bands inside the visible spectral range is limited. In the litera-
ture, the problem of reconstructing near-infrared information from RGB
signals is highly underexplored. To our knowledge, only few studies in-
vestigate the estimation of spectral bands outside the visible spectrum.
In more detail, in preliminary study (Brown and Siisstrunk, 2011), the
authors modified a conventional SLR camera by removing the infrared
blocking filter in order to capture near infrared information. The near

Computers and Electronics in Agriculture 209 (2023) 107833

infrared response along with the response of camera in the visible
spectrum improved significantly the performance of a SIFT descriptor
in a scene-recognition application. Moreover, in study (Sharma and
Hefeeda, 2020) a deep learning approach was employed that focuses
on a medical application regarding the vein visualization problem. In
study (Aslahishahri et al., 2021) based on the cGAN architecture (Isola
et al., 2017) predicted near infrared images from RGB aerial images
of crops. Additionally, in study (Zhang et al., 2022) a two-step GAN
based methodology was used comprised of a ResUp-Down block to
reconstruct multispectral images and generate NDVI indices. Finally,
in Abady et al. (2020) based on the Nice-GAN methodology (Chen
et al., 2020), a deep learning methodology was employed to recover
spectral information using RGB signals. Note that all these methods
along with the proposed ones do not learn the mapping from RGB
to NIR data based on any spectroscopic assumptions. The images in
these papers have strong self-similarities properties, which enables the
mapping from RGB to NIR in a data-driven fashion. Aslahishahri et al.
(2021)

As the information captured by RGB cameras does not practically
extend to the near-infrared range, it would be desirable to have meth-
ods to reconstruct the near-infrared bands from RGB. These methods
should take into account the fact that in many real-field agriculture
applications, e.g., in plant monitoring in a greenhouse, the use of
advanced equipment/hardware (e.g., GPUs) may be cumbersome and
not very practical. Furthermore, it would also be desirable to have
methods that do not require vast amounts of data, like the deep learning
approaches (see, e.g., Sharma and Hefeeda, 2020; Zhang et al., 2022;
Abady et al., 2020).

Such methods ideally would be efficiently deployed to various edge
devices with rather limited computational and storage capabilities,
e.g., mobile phones, or unmanned aerial vehicles for addressing real-
field problems in precision agriculture (O’Grady et al., 2019). In this
work we propose two such methods. In Gkillas et al. (2021) we pre-
sented such a shallow method that employs two coupled dictionaries
to model the fundamental relation between the two spaces, where the
first dictionary aims to represent the signals in the RGB space and the
second dictionary seeks to represent the signals in the spectral space.
Here we elaborate further on that method providing more insight as
well as additional experiments and, moreover, we introduce a new
auto-encoder based method.

Overall, the proposed methods not only offer competitive or better
results compared to the very deep approach of Sharma and Hefeeda
(2020), Zhang et al. (2022) and Abady et al. (2020), but also offer
significant practical benefits. More specifically, our methods require
significantly less training data, without demanding advanced hardware
for the training and inference processes, thus rendering our methods
ideal for edge computing applications with limited resources.

The key objectives of the proposed work can be summarized in the
following:

+ To propose a novel lightweight dictionary learning-based method
to provide effective spectral reconstruction of spectral bands be-
yond the visible spectrum by relying only on visible (RGB) data. A
preliminary version of this work appeared in Gkillas et al. (2021).

» To propose a second lightweight method to solve the same prob-
lem using a shallow autoencoder architecture.

» To apply the proposed methods to obtain spectral data for a
plant disease detection task in a real greenhouse setting by cal-
culating the NDVI index, which has proved to be very useful for
monitoring plant health.

In the next section we present the proposed methods to achieve
these objectives. In Section 3 we demonstrate the experimental re-
sults in comparison to other methods. In Section 4 we present our
conclusions.
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2. Methods
2.1. Problem formulation

Consider an RGB image, denoted as I,,, € R">"><3, The goal of
this study is to recover accurately and efficiently a near-infrared image
1,, € R"*"2xB corresponding to the same natural scene, where B
corresponds to the spectral dimension (wavelength channels). Thus, our
focus is to enhance the spectral span of the RGB image by estimating the
more informative bands in the near-infrared spectrum, which provide
valuable information concerning the health of the examined plants.
Concretely, the above problem can be formulated as follows:

Inir = P(Irgb)’ (l)

where F stands for the mapping function that describes the fundamen-
tal relationship between the RGB space (i.e., source space) and the
near-infrared space (i.e., target space).

Having two different but strongly related (coupled) image spaces
(i.e., the RGB and the near-infrared space), this scenario can be consid-
ered as a image-to-image translation problem (Pang et al., 2022) aiming
to effectively model the unknown mathematical function F(-) defined in
(1) that couples the two spaces. To this end, two novel image-to-image
translation approaches are proposed based on a coupled dictionary and
a coupled autoencoder learning framework, respectively to tackle this
challenging problem.

In the following, two coupled learning methods are proposed to
provide effective spectral reconstruction for spectral bands beyond the
visible spectrum based on RGB measurements. In particular, utilizing
the inherent sparsity of the natural images, the first method, called
CDLNR (Coupled Dictionary Learning Near-infrared Reconstruction)
employs two coupled dictionaries to model the fundamental relation
between the two spaces, where the first dictionary aims to represent the
signals in the RGB space and the second dictionary seeks to represent
the signals in the spectral space. On the other hand, the second method
called CANR (Coupled Autoencoder Near-infrared Reconstruction) em-
ploys two coupled autoencoders in order to reveal and capture the
complex relations between the RGB and spectral space in a deep and
non-linear manner.

2.2. Coupled dictionary learning — preliminaries

The coupled dictionary learning framework can be considered as
a domain adaptation process (or image-to-image translation process
for image data) aiming to model the signals that belong in the source
(i.e., RGB data) and target domain (i.e., near-infrared data), so that
the sparse representation of the data in the RGB domain can be used
to describe the signals in the target domain. Formally, the coupled
dictionary learning problem can be defined as the process of learning a
pair of correlated dictionaries (overcomplete matrices), in such a way
that the data in the RGB domain and the data in the spectral domain
can be described by the respective dictionary and a common sparse
representation matrix as shown by the following equations

X=D,G & Y=D,G, 2

where X and Y denote the data in the RGB and spectral space, D,,
D, are the corresponding dictionaries and G stands for the sparse rep-
resentation matrix. In other words, the common sparse representation
matrix G can be interpreted as the bridge between the two spaces,
thus enabling the transferring of valuable information from the source
domain to the target domain.
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2.2.1. The CDLNR method

Consider an RGB dataset X : {x; }[":’ |» Where x; € R? is a raw RGB
patch (size px px3 and held as a column vector of length d = px px3),
and the corresponding near-infrared dataset Y : { y,-}fi 1 where y; € R/
is a raw near-infrared patch (size pxpx B and held as a column vector of
length I = pxpx B). To effectively learn the optimal coupled dictionaries
D, € R™K and D, € R*K for the RGB and near-infrared data,
respectively, we propose an optimization problem that involves the
required data consistency terms and the sparsity-promoting L1 norm.
Hence, the problem is given by

2
pM IX - D.G|[} +|Y - D,G|, + 2161, ®3)
where G € RKXV gtands for the sparse representation matrix.

Nonetheless, taking into account the fact that in most cases the RGB
information does not extend to the near-infrared spectrum, recover-
ing spectral bands beyond the visible spectrum is a highly ill-posed
problem. In view of this, to effectively reveal and model the complex
relationships between the near-infrared and RGB signals, we employed
a cluster-based framework, as shown in Fig. 1. In greater detail, instead
of learning only one pair of coupled dictionaries (i.e., D,, D,) to
describe the whole dataset, namely the RGB and near-infrared data,
in this study, we group the dataset into clusters and we learn multiple
smaller coupled dictionaries containing more compact which represent
the specific structure of the data of each cluster. In other words, each
cluster contains similar near-infrared signals and the corresponding
RGB data, and thus, we learn coupled dictionaries for each cluster
independently.

In particular, let X¢ and Y¢ denote the raw RGB and the near-
infrared data in the cth cluster. The corresponding coupled dictionaries
(i.e., D} and D%) can be learnt by solving the proposed optimiza-
tion problem in (3). Nevertheless, instead of learning the dictionaries
jointly, we start with the RGB data X¢ constructing the RGB dictio-
nary D¢ based on the classic single feature space dictionary learning
problem,

. . . 2
pin X = DG+ 26, @

The problem in relation (4) can be effectively tackled via the K-
SVD dictionary learning algorithm (Aharon et al., 2006), whereas the
sparse coding stage can be performed using some basis pursuit algo-
rithm (Rubinstein et al., 2008). Having learnt the dictionary D¢ and
sparse coding matrix G*, the corresponding spectral dictionary DS is
computed by solving a simple linear least-squares problem

R
s ‘ Y - DG, 5)
The closed-form solution of problem (5) is given by

D =Y'G! =Y°‘Gl(G.G})™". (6)

Fig. 2a illustrates the training process.

2.2.2. Near-infrared image recovery

Considering a new testing RGB image, say X,.,, the following
procedure is employed to estimate the Near-infrared image that cor-
responds to the same scene. In particular, the RGB image is divided
into non-overlapping patches size \/E X \/E X 3 (held as a column
vectors of length d). For each patch x; encountered in the RGB image,
its nearest cluster in the training set is found and the corresponding
RGB dictionary is employed to represent it. Then, all patches in the
examined image that belong to the cth cluster can be expressed as
X¢,,=DG,, Q)

new

where G, denote the sparse representation matrix for the testing RGB
data in the cth cluster. Note that the sparse representation matrix can
be calculated by using some sparse coding algorithm such as batch-
OMP (Rubinstein et al., 2008). However, taking into account that
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Fig. 1. Considering the challenging nature of the problem of reconstructing Near-Infrared Information from RGB signals, the first stage of the proposed methods is a cluster based
procedure. In more detail, the training dataset of the raw RGB and Near-Infrared patches is grouped into clusters, where each cluster contains similar near-infrared signals and
the corresponding RGB data. After that for each cluster we learn a different model independently based on the proposed CDLNR and CANR methods.
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(b) Testing stage for the c-th cluster.

Fig. 2. An illustration of the proposed CDLNR model for reconstructing the Near-Infrared data of the cth cluster. (a) Training: For each cluster. two compact coupled dictionaries
are learnt to represent the RGB and Near-Infrared data of the respective cluster along with the common sparse coding matrix. (b) Testing: The above procedure is repeated for all

clusters depicted in Fig. 1.

the method can be employed for processing large volumes of data,
we employ a more efficient block-processing sparse coding algorithm
presented in Gkillas et al. (2021), which reduces notably the required
computational complexity, thus making our method ideal for online
applications. In particular, since the patches that belong to the same
cluster exhibit strong similarities properties, this structure can be uti-
lized in order to determine the sparse representation of the similar
patches in a block-processing manner. In the case of interest, where

the RGB patches of ¢ cluster X¢, = satisfy the self-similarity property,
notably computational benefits could be derived by considering that the
same support set S¢ i.e., the same atoms from the respective dictionary
D¢, can be used to represent the signals in the cluster. Hence, instead
of calculating the support set of each signal independently, we first

compute the average/centroid signal of the cluster

N,
| N
xc=szi x; €RY, )]

¢ i=1
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and then employ some sparse coding algorithm (e.g., the OMP, or
Lasso) to sparsely encode the vector x, using the given dictionary. The
required support S¢ is derived as the set of atoms employed in the
representation of the centroid signal x,. Having estimated a proper
support set, a simple optimization problem is formulated to compute
the optimal weights for each data-vector in X

i 2
arg (I_;nlsll “Xfww =D .G, - 9
where D¢ .. is the matrix that results from the dictionary D after

x,5¢
keeping only the columns/atoms indexed by the set S¢, and G is the

corresponding matrix of representation weights. It should be noted that
matrix G, s is not sparse, since it contains only the nonzero elements
of the sparse coding matrix G.. The above procedure is repeated for all
the clusters.

Given the computed sparse representation matrix G,, the corre-
sponding near-infrared data of the cth cluster can be estimated by

Y¢,, =DiG,. (10)

new

Thus, the overall near-infrared image can be recovered by gathering
the reconstructed data from all the cl.c=1 clusters. Fig. 2b illustrates the
testing process.

2.3. Coupled autoencoders — preliminaries

Autoencoders is an efficient unsupervised feature learning approach,
which aims to model the hidden structure of the examined data, i.e., the
intrinsic hidden representations of the input data (Ca et al., 2010).
To capture such hidden representations, the autoencoder aim to copy
its input to its output. On the other hand, coupled Autoencoders are
a new promising concept, similar to the coupled dictionary learning
problem. Formally, the coupled autoencoder-based model can be de-
fined as learning a pair of autoencoders in order to reveal the intrinsic
representations of the so-called source and target spaces along with
a coupled mapping function which can model the linear/non-linear
relationships between the intrinsic representations of the signals that
belong to the source space and the signals of the target space.

In this study, we demonstrate the effectiveness of the coupled
autoencoders to reconstruct near-infrared data (target signals) from
their corresponding RGB measurements (source signals). Considering
that the autoencoders stand out in preserving the local consistency
of the data (Wang et al., 2014), we propose a different framework
compared to the existing literature. Particularly, following a similar
procedure as in Section 2.2.1, instead of learning two global coupled
autoencoders and one mapping function for a large dataset, we cluster
the training dataset and learn a bank of coupled autoencoders and
their respective mapping functions for each cluster separately. Thus,
the proposed coupled autoencoder-based model (i.e., CANR) is more
compact and effective in representing the spectral and RGB signals.

2.3.1. The CANR method

Given the RGB training set (source) X and the corresponding Near-
Infrared training set (target) Y, we cluster again the training data
into C clusters via the Kmeans++ algorithm so that each cluster again
contains similar pairs of Near-infrared and RGB patches. Thus, having
grouped the data into clusters, the coupled autoencoder-based model is
employed to each cluster independently.

In more detail, let X¢ € RNe and Y¢ € R*Ne denote the RGB
and the Near-Infrared training data in the cth cluster, where N, is the
number of members in this cluster. The RGB (source) and the spectral
(target) autoencoders that learn the hidden intrinsic representations of
the RGB and Near-Infrared patches, respectively, can be derived by
minimizing the reconstruction errors

A N2
e = %[ = I - Drcez o
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A2
[re-¥e|, = lve - pesarolz. an

where X and Y¢ denote the calculated through autoencoders RGB and
near-infrared patches respectively, £¢(-), D%(-) stand for the encoder and
decoder of the RGB domain and & (), D{(-) are the encoder and decoder
of spectral domain. The intrinsic representations of the RGB data are
derived via the encoder process

5¢ = £4X9)

or equivalently,

Si = (p(WilXc + b:l)

S5 =W ,S]+5,) 12)

S =W, S +0b,)

where W?)i, bi,i (i = 1,...,L) denote the weight matrices and the
bias terms for the encoding layers of the RGB (source) autoencoder,
@(.) is the activation function, L denotes the number of hidden layers,
8¢ € RMNe is the output of the source encoder £°(.) and k < d.
Accordingly, the intrinsic representations of the Near-Infrared data

are given by the following encoding procedure & (-)
T¢ =E&4Y°)

or equivalently,

T = w(W?ch + bf,l)

T¢

S = (WE,TS +1,) (13)

t,

T =W, T| | +b,)

where W7, bﬁi (i = 1,..., L) denote the weight matrices and the bias
terms for the encoding layers of the RGB (source) autoencoder, ¢(.)
is the activation function, L denotes the number of hidden layers,
T¢ € R*Ne is the output of the source encoder &7() and k < p.
Similarly, the corresponding reconstructed RGB and Near-Infrared

signals can be computed as follows

X =Di(s°) 14)

Y =DT), (15)

where Di(.) denotes the decoding process of the RGB autoencoder and
D;(.) is the decoding process of the spectral autoencoder. Note that both
decoders consist also of L fully-connected layers.

Having estimated the intrinsic representation of the RGB and spec-
tral data for the cth cluster according to Egs. (12), (13) a neural
network is employed to learn the mapping function between the intrin-
sic representations .S and T, hence transferring beneficial information
from the RGB to spectral domain. Mathematically, this can be expressed
as follows:

T =F(WS+ b) (16)

where W is the weight matrix and ¢, denotes the bias term. Thus, the
network can be optimized solving the following loss function

A 112
Loy = || =T, = T = FOWE 5+ 5|17 a7

2.3.2. Coupled learning: End-to-end training

The most crucial part of the proposed method is to optimize and
couple the autoencoders along with the mapping function for each
training cluster. However, by training the autoencoders first and then
the mapping function (based on the estimated intrinsic representations)
could result in sub-optimal results, due to the fact that the autoencoders
and the mapping network are trained independently. Thus, there is
no transfer or coupled learning between the source space (i.e., the
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(a) Initialization stage for the c-th cluster: First, the autoencoders are
trained independently and then the MLP network is trained to learn
a mapping between the intrinsic representations.
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(b) Coupled Learning stage for the c-th cluster.

Fig. 3. An illustration of our proposed CANR model for reconstructing the Near-Infrared data of the cth cluster. (a) Initialization: First the autoencoders are trained independently
to learn the intrinsic representations of the RGB and Near-Infrared data, respectively, of the cth cluster (stage 1) and then a mapping function (MLP) is learnt between these
representations (stage 2). (b) Coupled Learning: since the autoencoders were trained independently and there was no transfer learning across domains, a coupled autoencoder is
employed in order to jointly optimize all the active parts of the autoencoders i.e., the RGB encoder, the MLP network and the Spectral decoder) involved in the reconstruction of
Near-infrared data from the corresponding RGB data of the cth cluster (stage 3). The above procedure is repeated for all the clusters depicted in Fig. 1.

RGB patches) and the target space (i.e., the near-infrared patches).
Nonetheless, this procedure can be employed as initialization process
of the model.

To proceed further, consider the two autoencoders and the neural
network (mapping function) for the cth cluster. Taking into considera-
tion that the primary aim of the CANR method is to accurately recover
the near-infrared data Y*, the objective function for optimizing jointly
the two autoencoders (RGB and spectral) and the mapping network is
given by:

12)
[ = DiP(S|p== |[Y* - D F(E X5 s

2 (15
o
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Note that in relation (18) the RGB encoder £¢(.), the neural network
F() and the spectral decoder D;(.) all explicitly participate in the
estimation of the corresponding spectral data Y°. Thus, the coupling
between the two autoencoders and the mapping function F is derived by
designing a stacked architecture where its first module is the RGB encoder
E¢(+), the second module is the mapping function and the final module is
the spectral decoder D{(-). Fig. 3 demonstrates the proposed coupled
architecture. Then, an end-to-end training procedure is employed in
order to minimize the objective function in (18).

2.3.3. Efficient near-infrared recovery
Given a new testing RGB image, say I,,,,, the following method-
ology is used to recover the corresponding near-infrared image of
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the scene. For each RGB patch x; encountered in the RGB image, its
nearest cluster is found. Then, for all patches in the examined image
that belong to the cth cluster, say X , their intrinsic representations

A\ o AT€ estimated through the RGB encoder based on Eq. (12). Then
the corresponding near-infrared intrinsic representations T, can be
estimated via the mapping neural net via Eq. (16), and finally the
near-infrared patches Y| =~ of the cth cluster are reconstructed via the
spectral decoder (15). Thus, the overall near-infrared image can be

recovered by gathering the reconstructed data from all the C clusters.
3. Results and discussion

To validate the efficacy and applicability of the two proposed meth-
ods' (i.e., CDLNR and CANR) extensive experiments were conducted in
the context of the precision agriculture. In particular, our goals are to
highlight:

+ that the proposed methods are able to accurately reconstruct
near-infrared images using only RGB signals;

« that the reconstructed spectral bands can be effectively employed

to estimate the NDVI index without the need of a multispectral

camera.

that the proposed shallow learning methods exhibit competi-

tive or better performance against the deep learning approaches

presented in Sharma and Hefeeda (2020), Abady et al. (2020)

and Zhang et al. (2022), offering at the same time much lower

computational cost.

that there is low dependency on data availability compared to

competing deep learning methods.

3.1. Experimental setup

Dataset: To validate the efficacy of the proposed architectures, we
employ a custom dataset that pertains a variety of tomato plants in
a greenhouse, captured under real field conditions. The considered
dataset consists of 100 multispectral images and their corresponding
RGB images with spatial resolution 1770 x 2368. In particular, we em-
ployed the MUSES9-MS- PL multispectral camera (Spectricon, Greece),
which features 4-6 Megapixels C-MOS @ 25 /s in the 370-1100 nm
spectral range. The camera contains two sensors i.e., a conventional
RGB sensor and a multispectral sensor. In total the camera provides 8
channels. The first 3 channels are acquired with the conventional RGB
sensor while the rest are captured via the multi-spectral sensor. The
multispectral sensor provides 3 channels inside the visible spectrum,
namely bands at 460 nm (near blue), 540 nm (near green), and 630 nm
(near red), and other two spectral bands in the near-infrared spectrum
at 850 nm and 950 nm. The width of each spectral band of the
multispectral sensor of the considered camera is given in Table 1.

Using the visible bands derived from the multispectral sensor of the
camera, the goal is to reconstruct the near-infrared band at 850 nm
(i.e., the spectral dimension is equal to B = 1). Fig. 4 illustrates a
small sample of RGB images derived from the considered dataset. More
details regarding the dataset along with the setting of the greenhouse
can be found in study (Georgantopoulos et al., 2023).

Parameter Settings: To determine the appropriate parameters and
assess the performance of the proposed architectures, a 5-fold cross
validation process was used, thus splitting the dataset into training, val-
idation and test set. Concerning the CDLNR the dictionaries contained
K = 68 atoms, while the sparsity level was set to 9. Furthermore, the
RGB and the near-infrared images (840 nm) were processed into non-
overlapping patches with size 6 x 6 x 3 (held as a column vector with
length d = 108) and 6 x 6 x 1 (held as a column vector with length
I = 36) respectively. The number of clusters was set to C = 40 clusters.

1 Source code of the proposed methods: https://github.com/alexandrosgk/
coupled-learning-methods-for-Recovering-Near-Infrared-Images.
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Table 1
Wavelength regions supported by the MUSES9-MS-PL camera and those used in current
study. (FWHM: Full Width at Half Maximum.)

Multispectral Lower limit Upper limit Current study FWHM
sensor bands (nm) (nm) (nm) (nm)
Infrared 800 1000 980,850 50
Red 600 700 630 40
Green 500 600 540 30
Blue 400 500 460 30

For CANR a patch with size of 10 x 10 x 3 and 10x10 was employed
to split the RGB and near-infrared images into non-overlapping patches
accordingly. The coupled autoencoders consisted of one layer with la-
tent dimension equal to 30 and 10 for the RGB and spectral autoencoder
respectively. Moreover, the size of the one-layer neural network was set
to 30. The number of clusters was set to C = 25. During the initialization
training stage the learning rate was set to le — 03 and the number of
epochs was 300. For the coupled learning stage, the number of epochs
was 350 and the learning rate was set to le — 04. Finally, the Adam
optimizer was used for the training of the second method and the ReLU
was employed as activation function.

Regarding the clustering procedure, we explored various cluster-
ing algorithms without observing any significant impact on the per-
formance of the pro- posed methods. To this end, we used a well-
established algorithm i.e., the Kmeans++ for its performance and sim-
plicity. In particular, the kmeans++ algorithm was employed on the
raw RGB and near infrared data using as distance metric the co-
sine distance, which provided the best results among other distance
functions.

Evaluation metrics: To quantify the performance of our models, we
compared the reconstructed near-infrared images with the correspond-
ing ground truth images in terms of the Peak Signal to Noise Ratio
(PSNR), the Structural Similarity Index (SSIM) and the Relative Root
Mean Square Error (RMSE), normalized by the ground truth luminance.
Note that higher values of the PSNR and SSIM metrics indicate better
reconstruction performance.

Compared methods: To highlight the benefits of the shallow learn-
ing proposed models (CDLNR and CANR), we compare them with the
very deep learning approach presented in Sharma and Hefeeda (2020)
and two GAN-based approaches (Abady et al., 2020; Zhang et al., 2022)
. Regarding the approach in Sharma and Hefeeda (2020), we employ
the official implementation? provided by the authors. For the method
in Abady et al. (2020), we use the official implementation® of the Nice
GAN based methodology. Regarding the study in Zhang et al. (2022),
we should clarify that since the original implementation (source code)
is not publicly available, we perform the comparison based on a similar
GAN based architecture, called cycle GAN (Zhu et al., 2017).* The
optimal parameters for the above methods were optimized based on
the original papers.

3.2. Performance evaluation

Table 2 summarizes the quantitative performance of the proposed
shallow learning architectures (i.e., CDLNR and CANR) against the deep
learning methodologies proposed in Sharma and Hefeeda (2020), Abady
et al. (2020) and Zhu et al. (2017), which is similar to method (Zhang
et al., 2022). It is evident that CANR outperforms the other methods,
maintaining high PSNR and SSIM values, and low error values in terms
of nRMSE metric. The above results are consistent with the visual
analysis provided in Figs. 5 and 6. In greater detail, in Fig. 5 the
reconstructed near-infrared images from the considered approaches

2 https://github.com/nehasharma512/vein-visualization.
3 https://github.com/alpc91/NICE-GAN-pytorch.
4 https://github.com/junyanz/pytorch-CycleGAN-and-pix2pix.
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Fig. 4. A small sample of the RGB images of the considered dataset.

CANR Ground Truth 850nm

CDLNR

method [16]

Cycle GAN [33] Nice GAN [34]

Fig. 5. The ground-truth and reconstructed near-infrared images (850 nm). In first row we present the ground truth image, in second row the reconstructed near-infrared image
employing the CANR method, in third three we depict the reconstructed image using the CDL method, in fourth row the reconstructed image using method (Sharma and Hefeeda,
2020), in fifth row the reconstructed image using Nice GAN method in Abady et al. (2020) and in sixth row reconstructed image using Cycle GAN method in Zhu et al. (2017).

are depicted, whereas in Fig. 6 the corresponding averaged absolute
difference value between the ground truth and the reconstructed spec-
tral images are demonstrated. From these figures, we can deduce the
high quality of the results derived from the CANR method and the
competitive performance of the coupled dictionary learning approach
(CDLNR).

Comparison against the deep learning methods (Sharma and
Hefeeda, 2020; Abady et al., 2020; Zhu et al., 2017): Interestingly,
although the deep learning approach developed in Sharma and Hefeeda
(2020) exhibits good performance, the proposed coupled autoencoder
based method (CANR) provides better results, while the coupled dic-
tionary learning approach constitutes a competitive alternative. Addi-
tionally, the proposed models notably outperform the two GAN-based
approaches in Abady et al. (2020) and Zhu et al. (2017). This remark
can be attributed to the fact that the core of the proposed methods
is the clustering procedure. In particular, by grouping the data into
clusters and learning models for each cluster separately, this process
enables the involved models to be more compact and concise, since

each model (either dictionary or autoencoder) is focused on capturing
detailed features of the data of each cluster only. Thus, although the
proposed methods consist of shallow learning models, they are able
to exhibit competitive performance against the very deep learning
approaches (Sharma and Hefeeda, 2020; Abady et al., 2020; Zhu et al.,
2017), which require a huge amount of data in order to capture the
relationships between the signals.

Apart from the quantitative analysis, our models provide some
essential practical advantages for real-world precision agriculture ap-
plications. Considering that in real-field scenarios and settings, the
available data and the specialized equipment are limited, the proposed
shallow learning approaches outperform the deep learning approaches,
since they require significantly less data for the training without the
need of advanced hardware equipment for the training and inference
procedures. In particular, although the existing GAN-based methodolo-
gies (Abady et al., 2020; Zhu et al., 2017) can be characterized by high
representation capacity, they do not provide competitive results due to
the fact that they contain a vast amount of learnable parameters, thus
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Table 2
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Quantitative performance of the proposed shallow learning architectures (i.e., CDLNR and CANR) and comparison with the deep learning
methodology proposed in Sharma and Hefeeda (2020) and two GAN based methodologies in Abady et al. (2020) and Zhu et al. (2017).

Metrics CDLNR CANR method Nice GAN Cycle GAN
Section 2.2.1 Section 2.3.1 (Sharma and (Abady et al., 2020) (Zhu et al., 2017)
Hefeeda, 2020)
PSNR 32.01 32.46 32.09 30.05 29.45
SSIM (0-1) 0.9603 0.9619 0.9607 0.9475 0.9325
nRMSE (0-1) 0.0242 0.0250 0.0252 0.0304 0.0472

CANR Ground Truth 850nm

method [16]

Cycle GAN [33] Nice GAN [34]

Fig. 6. The ground-truth images and the corresponding averaged absolute difference value between the ground truth and the reconstructed images (error maps). In first row we
illustrate the ground-truth images, in second row the error maps of the CANR method, in three row the error maps of the CDLNR method, in fourth row the error maps of method
in Sharma and Hefeeda (2020), in fifth row the error maps of Nice GAN method in Abady et al. (2020) and in sixth row the error maps of Cycle GAN method in Zhu et al.
(2017). It should be noted that the error maps are depicted on a scale of [0-0.1] instead of the standard scale [0-1], since the errors are very small for the proposed models.

requiring more training data in order to exhibit better performance.
Table 3 validates the above remark. In particular, from this table, we
can deduce that the proposed approaches require significantly fewer
parameters to achieve competitive performance against the other deep
learning approaches. Thus, the proposed models can be efficiently
deployed to edge devices, e.g., smart phones or sensors with limited
computational resources installed inside greenhouses.

Comparison between the proposed methods: Focusing on the
proposed methods, the CANR exhibits better performance compared
to the CDLNR approach. This remark can be justified by the fact that
the coupled dictionary learning method is limited to capture only
the linear relationships existing among the RGB and the near-infrared
signals. However, the computation of near-infrared bands using only
RGB signals is in fact a really challenging ill-posed problem, since the
information captured by RGB cameras does not practically extend to the
IR range. Taking into account this, the proposed coupled autoencoder
based methodology (CANR) is able to provide more accurate results,
as it can reveal and capture more complex and non-linear relationships
that describe the RGB and near-infrared domain. Nonetheless, since the
CDLNR methodology is a linear approach, it requires less computational
resources during the training procedure over the CANR method.

3.3. Ablation study
In this section, an ablation study was conducted in order to inves-

tigate the sensitivity of the proposed methods to the selection of the
optimal parameters.

3.3.1. Impact of the parameters on the performance of the CDLNR method

Fig. 7 demonstrates the impact of the parameters, i.e., the number of
clusters (C), the dictionary size (number of atoms) and the sparsity level
on the reconstruction performance of the coupled dictionary learning
method. In particular, the number of clusters influence significantly the
performance of the method, providing a huge dimensionality reduction
on the size of the coupled dictionaries and thus enabling the learning
of multiple compact dictionaries that describe more accurate the data
of each cluster. Thus, the best results occurred when the number of
clusters was set to C = 40 and the number of atoms of the coupled
dictionaries was set to K = 68. Regarding the sparsity level, it is evident
that it slightly impacts the performance of the method. Considering that
high values of the sparsity level would affect only the computational
complexity of the method, smaller sparsity levels were preferred (e.g.,
sparsity level equal to 9).

3.3.2. Impact of the parameters on the performance of the CANR method

Similar to the previous method, the number of clusters constitutes
a vital factor that impacts the performance of the coupled autoencoder
based architecture. Thus, in this experiment the influence of the num-
ber of clusters along with the dimension of the latent representations
of the RGB and near-infrared signals is examined. Fig. 8 illustrates the
results. Again, the best results occurred when the number of clusters
was high, i.e., C = 25. This remark can be attributed to the fact that
the grouping of the dataset into many clusters C > 1 enables the
learning of multiple coupled autoencoders, which are able to capture



A. Gkillas et al.

sparsity level = 6

325
| /7"—*=‘3<;’:8ﬁ
315F )
o
T 31
o
=z
305
o
c
S sof
=
2051 —&—dictionary atoms 64
—+&—dictionary atoms 128
) dictionary atoms 256
29 14
285 . . . . )
0 10 20 30 40 50

number of clusters

Computers and Electronics in Agriculture 209 (2023) 107833

sparsity level =9

325
315
o
T 31
o
=z
) 305
o
c
S sof
=
2051 —©—dictionary atoms 64
—#&—dictionary atoms 128
dictionary atoms 256
29 - é
285 . . . . . . . . . )
0 5 10 15 20 25 30 35 40 45 50

number of clusters

sparsity level =12

325

32

@
o
T

@
T

Mean PSNR(dB)
w 8
o 1]

n

©

3}
T

I
©
T

% —o—pg—2

—©—dictionary atoms 64
—=&—dictionary atoms 128
dictionary atoms 256

N
©
3

o

o b

15 20

25

30 35 40 45 50

number of clusters

Fig. 7. Impact of the number of clusters and the number of atoms of the dictionary on the performance of the coupled dictionary learning method (CDLNR) employing sparsity

level equal to 6, 9 and 12.
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Fig. 8. Impact of the number of clusters and the dimension of the latent representations
of the RGB and NIR signals on the performance of the coupled autoencoder based
method (CANR). Since the optimal patch size was set to 10 x 10, the input dimension
of the RGB signals is d = 300(10 x 10 x 3) and the input dimension of NIR signals is
p = 100(10 x 10). Thus, the examined latent dimensions of the RGB autoencoder was
{15,30,150}, whereas the corresponding latent dimension of the spectral autoencoder
was {5,10,50}.

more concrete low-level features of the data of each cluster; hence they
empower the method to model efficiently the complex relationships
existing among the RGB and Near-Infrared signals. On the other hand,
when there is a single cluster (C = 1), the performance of the method

10

drops significantly, indicating that the learning of one pair of coupled
autoencoders is limited to model only high-level features of the whole
dataset, without the required detail for such a challenging problem.

3.3.3. Impact of the coupled learning on the performance of the CANR
method

One of the most critical aspects of the CANR is the coupled learning
stage. To validate the claims of Section 2.3.2 and highlight the impact
of the coupled learning on the reconstruction performance of the
method, experiments were performed with and without the coupled
learning during the training of the models. Table 4 summarizes the
results. It is clear that the coupled learning stage significantly enhances
the performance of the CANR method. The above remarks can be
justified by the fact that during the coupled learning stage the two
autoencoders along with the mapping function are optimized jointly,
thus enabling the models to capture more effectively the complex
relationships between the RGB and near-infrared signals.

3.3.4. Impact of the number of training data on the performance of the
compared methods

In this section, we investigate how the number of the available
training data affects the performance of the proposed models and the
very deep learning approaches. In more detail, we used the 100%, the
50% and the 10% of the training data to optimize the proposed models
and the deep learning models in Sharma and Hefeeda (2020), Abady
et al. (2020) and Zhu et al. (2017), whereas the testing set remained
the same in all cases. Fig. 9 summarizes the results. It is evident that the
performance of the proposed methods, is only slightly affected by the
limited training data compared to the method in Sharma and Hefeeda
(2020) and the two GAN-based methods in Abady et al. (2020) and
Zhu et al. (2017). where their performance heavily degraded due to the
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Fig. 9. Impact of the number of training data on the reconstruction performance of the compared models.

Table 3

Model complexities comparison of our proposed method, the deep learning method in Sharma and Hefeeda (2020) and the
two GAN based methodologies in Abady et al. (2020) and Zhu et al. (2017).

Metrics CDLNR CANR Method of Nice GAN Cycle GAN
(Sharma and (Abady et al., 2020) (Zhu et al., 2017)
Hefeeda, 2020)
PSNR 32.01 32.46 32.09 30.05 29.45
# of Param(x10°) 0.025 0.01 0.8 9.5 21.17
Table 4 Table 5
The performance of the CANR method with and without the Coupled learning stage. The impact of different sensor on the performance of the proposed methods.
Metrics CANR without CANR with Sensor Metrics CDLNR CANR
Coupled learning Coupled learning Multispectral-based RGB PSNR 32.01 32.46
PSNR 30.26 32.46 RGB PSNR 31.97 32.32
SSIM 0.9584 0.9619
nRMSE(0-1) 0.0307 0.0250

small number of available data. This pivotal finding is mostly attributed
to the fact that the proposed shallow learning methods contain signifi-
cantly less parameters compared to the other deep learning approaches,
as we can see in Table 3. Since, the two GAN-based methods (Abady
et al., 2020; Zhu et al., 2017) contain most of the parameters, they are
more affected by the scarcity of the training data. Considering that in
many real-world precision agriculture applications the available data
can be limited, or expensive to acquire, the proposed models are able
to effectively surmount this challenging problem providing accurate
results due to their lightweight architecture.

3.3.5.
methods
As we mentioned in Section 3.1, the considered multispectral cam-
era contains two sensors or modes. In more detail, it contains a conven-
tional RGB sensor and a multispectral sensor which provides 5 spectral
bands i.e., three spectral bands inside the visible spectrum, namely, the
460 nm, the 540 nm and 630 nm, along with a spectral band in the
near-infrared spectrum, i.e., the 840 nm. The wavelengths of the visible
bands of the multispectral sensor are typically close to the ones used in
the RGB camera, however the response of the multi-spectral sensor is
denser around these frequencies than the response of the RGB camera.
During the experiments, we used the visible data from the multispectral

Impact of different sensors on the performance of the proposed

11

sensor to train the proposed models and reconstruct the near-infrared
band at 850 nm.

To explore the impact of the sensitivity function of different sensors,
in this experiment we used the data derived from the conventional RGB
sensor of the camera. As we can see from Table 5, the performance
of the proposed methods is not affected by altering the sensitivity
function of the sensor, thus providing competitive results utilizing a
conventional RGB sensor.

Based on the above results, we could argue that the proposed models
are able to provide accurate results, even if we use as RGB images
derived from a low cost conventional sensor e.g., smartphone. Thus,
during the training we need to gather pairs of the RGB images from
the smartphone and the corresponding near-infrared image from the
multispectral camera. In that case, a pre-processing step is required
in order to register the paired images. Finally, in the case where the
models have been trained using the multispectral-based RGB sensor
and during the inference a different sensor is utilized, a fine-tuning
processing stage is required in order to train again the proposed models
based on the new data.

3.4. Reconstruction of the NDVI index
To further illustrate the effectiveness of the proposed methodolo-

gies and highlight their applicability on real-world settings, extensive
experiments were performed in order to verify that the computation of
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Fig. 10. The ground-truth NDVI index using the spectral bands in the 650 nm and 850 nm captured via the multispectral camera vs the estimated NDVI index given by the
corresponding reconstructed spectral bands using the CANR and CDLNR methods. The corresponding histograms of the NDVI indices are shown, along with the NDVI images, to

further clarify the quality of the reconstructed NDVI index.

the normalized difference vegetation index (NDVI) is feasible without
the need of a multispectral or hyperspectral camera. To compute the
NDVI index, we employed the red band (650 nm) of the RGB camera
along with the reconstructed near-infrared spectral band at 850 nm.

Fig. 10 exemplifies the original NDVI indices employing the near-
infrared band captured via the multispectral camera and the corre-
sponding reconstructed NDVI indices computed through the estimated
near-infrared bands from the proposed models. To better assess the
quality of the reconstructed NVDI indices, their histograms as well as
the histograms of the original NDVI indices are also depicted. According
to Fig. 10 the proposed models are able to accurately compute the
NDVI index. It is noteworthy that the derived results are comparable
with the results provided from the multispectral camera. This remark
validates our claims that the proposed architectures can efficiently de-
ployed in agriculture applications under real-field conditions (O’Grady
et al., 2019), without the need of an expensive specialized equipment
e.g., multispectral camera.

12

4. Conclusions

In this study the problem of reconstructed near-infrared images
from RGB information was considered. Considering the importance
of this problem in real-field precision agriculture applications, we
developed two resource efficient methods for accurately estimating
near-infrared signals from an RGB camera. Contrary to state of the art
deep learning methods, the proposed models are much less computa-
tionally demanding and require significantly less training data and can
be deployed to edge devices with computational and power constraints
such as unmanned drones. Additionally, we illustrated the applicability
of the shallow learning models in a precision agriculture application
by precisely computing the normalized difference vegetation index
(NVDI), and demonstrating that they can provide similar results with a
multispectral camera. In the future we aim to examine the efficacy and
applicability of the proposed models on different datasets concerning
other agriculture applications.
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