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Highlights

What are the main findings?

e A compact pixel-wise multilayer perceptron with 609 trainable parameters estimates
normalized NIR-band digital intensity using only the corresponding UAV-acquired
red-band value, without additional spectral bands or spatial-context information.

e  The proposed MLP achieved error-based performance comparable to the Random
Forest baseline while obtaining the highest Pearson correlation coefficient among the
evaluated models.

What are the implications of the main findings?

e  The substantially smaller saved-model size relative to Random Forest demonstrates a
favorable trade-off between predictive performance and architectural compactness.

e  The proposed methodology provides an empirical reference for investigating single-
band NIR estimation in exploratory and resource-constrained remote sensing work-
flows, with broader applicability subject to sensor-specific validation.

Abstract

Near-infrared imagery is essential for vegetation monitoring, precision agriculture, and
environmental remote sensing, but multispectral UAV systems remain significantly more ex-
pensive and less accessible than conventional RGB imaging platforms. This study presents
a lightweight artificial intelligence framework for reconstructing the NIR spectral band
exclusively from the red spectral band acquired by a UAV. The proposed methodology
formulates the reconstruction task as a pixel-wise nonlinear regression problem and em-
ploys a compact multilayer perceptron (MLP) containing only 609 trainable parameters,
without exploiting spatial neighborhood information. The framework was developed and
evaluated using 280 synchronized multispectral UAV image sets acquired with a DJI Phan-
tom 4 Multispectral platform over a heterogeneous agricultural landscape in the Republic
of Moldova. Of these, 252 image sets were used for model development, and 28 were
reserved as a held-out within-mission test subset. Quantitative evaluation on a held-out
test dataset from the same acquisition mission yielded a mean squared error of 0.010329,
a root mean squared error of 0.101632, a mean absolute error of 0.079883, a coefficient
of determination of 0.253383, and a Pearson correlation coefficient of 0.683637 between
measured and reconstructed normalized NIR digital intensities. The results indicate that
the model captures part of the red-NIR relationship under the evaluated acquisition condi-
tions; however, the moderate coefficient of determination suggests that the reconstructed
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values are an approximation rather than a replacement for measured NIR observations.
An illustrative NDVI-based assessment showed that broad spatial vegetation patterns
remained identifiable. Rather than introducing a new neural network architecture, this
work establishes a compact empirical baseline to investigate the practical performance and
limitations of pixel-wise NIR reconstruction from a single red-band value with minimal
model complexity.

Keywords: lightweight deep learning; near-infrared reconstruction; spectral reconstruction;
UAV remote sensing; multispectral imaging; artificial intelligence

1. Introduction

Unmanned aerial vehicles (UAVs) have become an indispensable component of mod-
ern geomatics, enabling the acquisition of high-spatial-resolution imagery through flexible
flight planning, rapid deployment, and relatively low operational costs. Compared with
satellite remote sensing, UAV platforms offer centimeter-level spatial resolution and enable
image acquisition under user-defined environmental conditions, making them particu-
larly suitable for precision agriculture, environmental monitoring, forestry, infrastructure
inspection, and natural resource management [1]. Continuous advances in UAV tech-
nology, multispectral sensors, and artificial intelligence (AI)-based image analysis have
considerably expanded the role of aerial imagery in producing geospatial information
that supports data-driven decision-making across a wide range of environmental and
engineering applications [2-6].

Among the spectral bands acquired by multispectral sensors, the near-infrared band
plays a central role in remote sensing because of its strong sensitivity to vegetation phys-
iology and surface characteristics. Healthy vegetation strongly absorbs radiation in the
red spectral region due to chlorophyll pigments, while the internal cellular structure
of leaves produces high digital intensities in the near-infrared region. This distinctive
spectral behavior underlies numerous vegetation indices, particularly the Normalized
Difference Vegetation Index (NDVI), which remains one of the most widely used indicators
for assessing vegetation vigor, biomass, crop stress, canopy development, and photosyn-
thetic activity [7-12]. Consequently, accurate NIR measurements are essential not only
for precision agriculture but also for environmental monitoring, ecosystem assessment,
land-cover analysis, and rapid evaluation of vegetation conditions following natural or
anthropogenic disturbances.

Despite these advantages, multispectral imaging systems remain substantially more
expensive than conventional imaging solutions. Dedicated multispectral cameras require
radiometric calibration, increase payload complexity, and are generally available only on
specialized UAV platforms. Their effective use may also depend on specialized process-
ing software, radiometric workflows, computational infrastructure, and personnel with
expertise in multispectral image analysis. These requirements can create a substantial
entry barrier for small farms and individual producers, even when the potential bene-
fits of precision-agriculture monitoring are recognized. Conversely, conventional RGB
cameras are integrated into most commercial drones and have generated extensive aerial
image archives over the past decade. Although these datasets contain valuable visual
information, the absence of the near-infrared spectral band prevents their direct use in
calculating NIR-dependent vegetation indices [13]. This limitation is particularly relevant
in operational scenarios where rapid deployment and low equipment costs are critical, such
as large-area environmental surveys, emergency response, post-disaster reconnaissance,
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and routine UAV monitoring missions. Under such circumstances, computational methods
capable of approximating missing spectral information from limited inputs could extend
the analytical capabilities of lower-cost UAV platforms, reduce dependence on specialized
multispectral-processing resources, and broaden access to selected precision-agriculture
practices [13-17].

Recent advances in deep learning have significantly improved spectral reconstruction
and vegetation-index estimation. Convolutional neural networks (CNNs), conditional gen-
erative adversarial networks (GANSs) [18], encoder—decoder architectures, and transformer-
based models have demonstrated promising performance in reconstructing NIR im-
agery or estimating vegetation indices from visible-spectrum observations [14-16,19-25].
Zhao et al. [20] proposed a deep learning framework for multispectral image reconstruction
to support UAV-based crop phenotyping. In contrast, Yuan et al. [16] introduced a condi-
tional generative adversarial network for generating artificial NIR spectra. Gkillas et al. [14]
investigated computationally efficient learning strategies for recovering NIR information in
precision agriculture, while Moscovini et al. [15] developed an open-source machine learn-
ing framework for pixel-wise NDVI prediction from calibrated RGB imagery. Other studies
have explored GAN-based RGB-to-NDVI translation [21], CNN-based vegetation segmen-
tation using virtual NIR channels [22], lightweight multilayer perceptron architectures for
spectral super-resolution [24], and deep learning approaches for NDVI estimation through-
out crop growth cycles [17,19,25]. Collectively, these studies, together with recent ad-
vances in hyperspectral vegetation-index retrieval and artificial intelligence for agricultural
monitoring [11,12], demonstrate the growing potential of Al-based methods for extracting
and reconstructing meaningful spectral information in remote sensing [14-16,19-25].

Nevertheless, most existing methods rely on computationally intensive architectures
that jointly exploit spectral and spatial information through convolutional operations,
attention mechanisms, or image-to-image translation networks. Despite their generally
high reconstruction accuracy, such approaches often depend on large paired datasets
and substantial computational resources. These requirements may limit deployment on
embedded UAV platforms and edge computing systems, particularly in operational remote
sensing scenarios that require computationally efficient inference [14,20,23,24].

Beyond computational complexity, another important research gap concerns the inter-
pretation of the reconstructed spectral information itself. Most published studies primarily
aim to maximize reconstruction accuracy using increasingly sophisticated deep-learning
architectures. The present study addresses a complementary question: how much near-
infrared information can be inferred solely from the spectral responses of individual
pixels, and what is the trade-off between the available spectral information, prediction
accuracy, and model complexity? Because convolutional and transformer-based models
simultaneously exploit both spectral and spatial context, it is difficult to distinguish the
contribution of the intrinsic spectral relationship from that of neighboring image structures.
From a geomatics perspective, this distinction is particularly important because numer-
ous remote sensing workflows, including radiometric correction, pixel-wise classification,
vegetation-index computation, thematic mapping, and environmental assessment, process
pixels independently.

It is acknowledged that NIR reflectance cannot generally be uniquely determined
from red reflectance alone. Different combinations of vegetation structure, chlorophyll
absorption, canopy density, soil background, illumination, and shadow conditions may
produce similar red-band responses while corresponding to different NIR values. For this
reason, the present study does not assume a deterministic physical equivalence between the
two bands. Instead, the red-only configuration is intentionally used as a constrained exper-
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imental setting to quantify how much predictive information about NIR can be statistically
recovered from a single visible-band observation under controlled acquisition conditions.

To address this research gap, the present study investigates whether the NIR spectral
response can be reconstructed solely from red-band digital intensity measurements at the
pixel level. Unlike image-to-image translation approaches, the proposed methodology
employs a lightweight multilayer perceptron (MLP) to model the nonlinear relationship
between red-band digital intensities and their corresponding NIR response without incor-
porating spatial neighborhood information. The reconstructed NIR band is subsequently
used to generate NDVI maps, enabling the practical usefulness of the predicted spectral
information to be evaluated alongside conventional regression metrics.

The proposed methodology was validated using multispectral UAV imagery acquired
over agricultural areas in the Republic of Moldova with a DJI Phantom 4 Multispectral
platform. The dataset comprises heterogeneous agricultural scenes containing cultivated
fields, harvested parcels, unpaved agricultural roads, vegetation strips, isolated trees,
and transition zones, thereby providing representative spectral variability for evaluating
within-mission predictive performance on held-out images. Although the experimental
validation focuses on agricultural environments, the underlying pixel-wise formulation
may also be investigated in other remote sensing contexts in future studies. The present
work, however, primarily addresses accessible vegetation assessment and preliminary
crop-monitoring applications.

The contribution of this study lies in the systematic empirical investigation of the extent
to which normalized NIR digital intensity can be estimated from a single red-band value
in a compact pixel-wise configuration and of the resulting trade-off between predictive
accuracy, limited input information, and model complexity, without relying on additional
spectral bands or spatial-context processing. A compact MLP is evaluated against a mean
predictor, linear regression, second-degree polynomial regression, and Random Forest using
the same held-out test subset and common evaluation metrics. Predictive performance
is examined alongside architectural complexity, training and inference times, and saved
model size. This combined evaluation characterizes the trade-off between predictive
capability and computational requirements and determines the extent to which useful
NIR-related information can be obtained from a minimal spectral input. By reducing
input and model-complexity requirements, the framework provides a foundation for more
accessible vegetation-monitoring workflows, with particular relevance to small farms and
individual producers for whom specialized multispectral-processing infrastructure and
expertise may be economically impractical. In addition, vegetation-index maps derived
from measured and reconstructed NIR data are compared to assess the preservation of
broad spatial vegetation patterns.

2. Materials and Methods
2.1. Methodological Framework

The proposed methodology was designed to investigate the feasibility of reconstruct-
ing the near-infrared spectral response from the red spectral band using a supervised
machine learning approach. In contrast to conventional multispectral image processing,
where dedicated sensors directly acquire all spectral channels, the present framework
estimates normalized NIR digital intensities as a nonlinear function of the corresponding
red digital intensities at each image pixel.

The reconstruction problem was formulated as a pixel-wise regression task, where
each pixel from the multispectral imagery constitutes an independent training sample. Con-
sequently, the learning process focuses exclusively on modeling the functional relationship
between normalized red-band and NIR-band digital intensity values, without considering
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image texture, neighborhood information, or spatial feature extraction. Similar pixel-wise
learning strategies have previously been investigated for vegetation index estimation and
spectral reconstruction [14,15,24]. In contrast, most recent studies employ image-based
deep learning architectures that combine both spectral and spatial information [16,19-25].

The complete methodological workflow is illustrated in Figure 1. The proposed
framework consists of six consecutive stages: (1) acquisition of multispectral UAV imagery,
(2) extraction of the red (R) and near-infrared spectral bands, (3) numerical normalization
and construction of a pixel-wise dataset, (4) supervised training of a lightweight multilayer
perceptron neural network, (5) reconstruction of the NIR band for previously unseen
imagery, and (6) quantitative evaluation using regression metrics and an illustrative NDVI-
based assessment.

1. Data Acquisition 2. Band Extraction 3. Data Preparation . 4. Model Training

UAV Multispectral Imaging Use of R and NIR bands — AR Multi-Layer Perceptron (MLP)

x Hidden Layers
65535
Values scaled to [0, 1]

Xnorm =

Pixel-wise Dataset Construction

Input Target
Red (R) NIR
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Red (R) Near-Infrared (NIR) (
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Figure 1. Methodological workflow of the proposed red-to-NIR reconstruction framework.

The first stage involves acquiring synchronized multispectral imagery that simultane-
ously records the red and NIR bands. The measured NIR-band digital intensities serve as
the reference target for supervised model training and quantitative evaluation.

Following image acquisition, the red and NIR bands are extracted and numerically
normalized, and each image is then converted to a pixel-wise dataset. Each observation,
therefore, consists of one normalized red-band digital-intensity value and the correspond-
ing measured normalized NIR-band digital intensity value. This representation transforms
the reconstruction problem in image processing into a nonlinear regression problem, en-
abling the application of standard supervised learning techniques.

The normalized dataset is subsequently used to train a lightweight multilayer percep-
tron that approximates the nonlinear mapping from input red digital intensities to target
normalized NIR digital intensities. After training, the network is applied to previously
unseen UAV imagery to predict the NIR response for every image pixel independently.
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The reconstructed NIR band is finally evaluated using two complementary approaches.
The first consists of statistical regression metrics that quantify the agreement between the
measured and reconstructed digital intensity values. The second evaluates the practical
usefulness of the reconstructed spectral information by generating NDVI and visually
comparing it with NDVI calculated from the original multispectral imagery [26]. Similar
validation strategies that combine numerical accuracy with application-oriented assess-
ment have become increasingly common in remote sensing and vegetation-monitoring
studies [14-16,19-25].

Therefore, the proposed methodological framework combines conventional UAV im-
age preprocessing with a lightweight neural regression model specifically developed for
pixel-wise red-to-NIR reconstruction. Unlike most existing image-to-image reconstruction
approaches that rely on computationally demanding convolutional architectures [16,19-25],
the proposed method was intentionally designed to minimize computational complex-
ity. Since each prediction depends only on a single input value, inference requires only
elementary scalar operations, making the model suitable for execution on conventional
general-purpose processors. Because each pixel-wise prediction depends on a single input
value and the network contains only 609 trainable parameters, the proposed architecture has
limited storage and arithmetic requirements. Its execution characteristics were evaluated
on a conventional CPU-based system without GPU acceleration. Although implementation
on embedded or resource-constrained platforms was not examined in the present study,
the compact architecture provides a suitable basis for future platform-specific optimization
and deployment studies.

2.2. Study Area and UAV Data Acquisition

The experimental dataset was collected on agricultural land located in a low-relief
plain in southern Moldova. The study area comprises a heterogeneous agricultural land-
scape including cultivated fields, recently harvested arable land, row-crop parcels, unpaved
agricultural roads, small patches of spontaneous vegetation, agricultural infrastructure,
vegetation strips, isolated trees, and transition zones between vegetated and non-vegetated
surfaces. At the time of acquisition, the harvested fields were in a post-harvest stage,
whereas the surrounding grassland and spontaneous vegetation remained photosyntheti-
cally active. This diversity of land-cover types provides a broad range of spectral responses.
This surface heterogeneity provides a useful within-mission setting for examining the
spatial distribution of red-to-NIR reconstruction errors.

Figure 2a shows the geographical location of the study area within the Republic of
Moldova. In contrast, Figure 2b presents a satellite image highlighting the exact location
of the UAV multispectral image acquisition site. The red dot indicates the georeferenced
position associated with a representative image from the experimental dataset. The corre-
sponding spatial coordinates enabled the identification of the acquisition site on both the
cartographic reference map and the satellite imagery. The corresponding map views were
subsequently extracted and prepared for presentation using MATLAB (version R2025a).
These images provide the geographical and spatial context of the experimental area used in
this study.

Image acquisition was performed using a DJI Phantom 4 Multispectral unmanned
aerial vehicle (DJI, Shenzhen, China). The UAV survey was conducted on 7 September
2020, starting at approximately 11:30 local time. The flight lasted 27 min 32 s and covered
approximately 20 ha at a relative flight altitude of approximately 99.7 m. The camera was
maintained in a near-nadir orientation, with a representative gimbal pitch of —89.9°. A
total of 280 synchronized multispectral image sets were acquired during the mission.
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Figure 2. Study area and UAV data-acquisition site: (a) cartographic reference map showing the
geographical location of the study area in the Republic of Moldova; (b) satellite image showing the
UAV multispectral data-acquisition area. The red dot marks the acquisition location of a representative
georeferenced image from the experimental dataset.

According to observations recorded at the Ceadir-Lunga meteorological station (https:
//rp5.ru/Arhiva_meteo_%C3%AEn_Cead%C3%AEr-Lunga, accessed on 21 July 2026), the
air temperature was 28.6 °C, the relative humidity was 41%, and the mean wind speed was
3 m/s from the southeast. No precipitation or cloud cover was reported, and horizontal
visibility was approximately 20 km. These conditions indicate that the UAV survey was
conducted under clear weather and relatively stable illumination conditions.

The UAV was equipped with an integrated six-camera imaging system comprising one
RGB sensor and five monochrome sensors. The five monochrome sensors simultaneously
acquire images in blue (450 £ 16 nm), green (560 £ 16 nm), red (650 &= 16 nm), red-edge
(730 £ 16 nm), and near-infrared (840 £ 26 nm), together with a conventional RGB image
acquired by the separate RGB sensor. All six sensors are mounted on the same stabilized
gimbal, and image acquisition is synchronized. The red and NIR images used in this
study were acquired simultaneously by two separate monochrome sensors within the same
multispectral camera array. Each multispectral image was stored as a 16-bit TIFF. This
synchronized acquisition facilitates the alignment of the spectral bands while minimizing
temporal discrepancies caused by platform motion or illumination changes, which is
essential for supervised pixel-wise learning tasks [1]. The multispectral platform was used
to obtain synchronized red and NIR measurements, with the measured NIR-band digital
intensities serving as reference values for supervised training and evaluation. Because no
additional empirical radiometric calibration was performed, these reference data represent
sensor digital intensities rather than calibrated surface reflectance.

Of the five spectral bands recorded by the multispectral camera, this study used only
the red and near-infrared bands. The red band was selected as the sole input variable
because of its strong physical relationship with vegetation spectral response and its di-
rect role in the computation of the Normalized Difference Vegetation Index, one of the
most widely used vegetation indicators in remote sensing [7-10]. The NIR band served
exclusively as the reference target during supervised learning. The remaining spectral
bands (blue, green, and red-edge) were intentionally excluded to investigate the capability
of reconstructing NIR information using only the spectral response of the red band. The
resulting experimental dataset, whose main characteristics are summarized in Table 1, was
subsequently used for supervised training and independent evaluation of the proposed
neural network.
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Table 1. Dataset characteristics and image-level partitioning.
Parameter Value
UAV DJI Phantom 4 Multispectral
Number of synchronized multispectral image sets 280
Spectral bands used Red (input), NIR (target)
Image format 16-bit GeoTIFF
Model-development subset 252 (90%)
Within-mission held-out test subset 28 (10%)

As shown in Table 1, the experimental dataset comprises 280 multispectral images
acquired with the DJI Phantom 4 Multispectral platform. The red and near-infrared spectral
bands were used to generate paired input-target samples for the proposed Red-to-NIR
reconstruction task. The dataset was subsequently partitioned at the image-set level into
a model-development subset and a held-out test subset at a 9:1 ratio, with the test subset
reserved exclusively for final model evaluation. This experimental design evaluates model
performance on previously unseen image files from the same acquisition mission. Because
the dataset was acquired with substantial image overlap and no spatial blocking was
applied, the evaluation should be interpreted as within-mission held-out performance
rather than fully spatially independent generalization. This partitioning follows standard
machine learning validation practices for remote sensing [1]. The remaining spectral bands
(blue, green, and red-edge) were intentionally excluded to investigate the capability of
reconstructing NIR information using only the spectral response of the red band.

2.3. Dataset Preparation and Pre-Processing

The acquired multispectral images were stored as 16-bit TIFF files containing unsigned
digital numbers (DNs). No additional empirical radiometric calibration using a reflectance
calibration panel or field spectrometer was performed. The images were processed using
the manufacturer’s default sensor settings and the Pix4D workflow. Before constructing
the supervised learning dataset, the pixel values of both the red and near-infrared bands
were normalized to the interval [0, 1] according to the following:

X

Xnorm = mr (1)

where x denotes the original 16-bit pixel intensity, and Xnorm represents the normalized
digital intensity. The denominator 65,535 represents the maximum value theoretically
encodable by an unsigned 16-bit integer (2!® — 1) and was used as a fixed numerical
scaling factor. Its use does not imply that the sensor measurements occupied the entire
0-65,535 range. Because no empirical radiometric calibration was performed, the normal-
ized values represent relative digital intensities rather than calibrated surface reflectance.
This numerical scaling improves numerical stability during neural network opti-
mization, accelerates convergence, and ensures that all input values are represented on a
common numerical scale, thereby facilitating efficient gradient-based learning [27,28].
Unlike conventional image-based deep learning approaches that process image patches
or entire images, the proposed methodology adopts a pixel-wise learning strategy, treating
each pixel as a within-mission held-out training subset. For every pixel, the normalized
digital intensities from the red spectral band were used as the input feature, while the
corresponding normalized near-infrared digital intensities served as the regression target:

x; = [Ri],y; = NIR;, )
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where R; means the normalized digital intensities of the red spectral band, and NIR;
represents the corresponding normalized near-infrared digital intensities measured at the
same pixel location.

Accordingly, the supervised learning dataset can be represented as

D = {(Ry, NIR)) }\Y,, (3)

where N represents the total number of pixel samples extracted from all training images.

This pixel-wise formulation differs from convolutional neural networks because neigh-
boring pixels do not contribute to feature extraction. Each prediction relies exclusively
on the normalized red digital intensity of one pixel, allowing the red-NIR relationship
to be investigated independently of spatial context. The formulation was deliberately
selected as a compact single input. It provides a controlled baseline for determining how
effectively NIR-related information can be approximated from a single red-band value
while minimizing spectral input and architectural requirements.

A random hold-out strategy partitioned the 280 synchronized multispectral image sets
into a model-development subset of 252 (90%) and a held-out test subset of 28 (10%). This
separation prevents complete held-out image files from being used during model fitting and
enables evaluation on previously unseen image files from the same acquisition mission. It is
a standard evaluation protocol in machine learning applications for remote sensing [29]. The
implementation relied on the default system-initialized pseudo-random state rather than
specifying a fixed random seed. Pixel samples extracted from the 252 model-development
image sets were subsequently divided into training and validation subsets. In contrast, all
pixel samples from the 28 held-out image sets were excluded from the model and reserved
for final testing.

The UAV survey was conducted with a longitudinal image overlap of approximately
75-85% and a lateral overlap of approximately 65-75%. Consequently, two consecutive
images could share a substantial portion of the same ground area. Because the random
partitioning was performed without spatial blocking, some held-out test images may
spatially overlap with images assigned to the model-development subset, even though they
were excluded as complete image files from model training and validation. Therefore, the
reported results characterize held-out image performance within the same UAV mission
and under the same acquisition conditions. Although the model may also be applicable to
spatially independent areas, other sites, or different acquisition missions, its generalization
under such conditions requires further validation using a within-mission held-out subset.

2.4. Neural Network Architecture

The proposed reconstruction model was implemented as a fully connected feed-
forward artificial neural network based on a multilayer perceptron (MLP) architecture.
Unlike convolutional neural networks (CNNs), which simultaneously exploit both spectral
and spatial neighborhood information, the proposed model performs pixel-wise nonlinear
regression, treating each pixel independently. Consequently, the network learns a nonlinear
mapping between normalized red digital intensities and corresponding near-infrared
digital intensities without incorporating spatial context.

The overall architecture of the proposed neural network is illustrated in Figure 3. The
model receives a single normalized red-band digital-intensity value as input and predicts
the corresponding normalized NIR-band digital intensity value. As shown in Figure 3,
the network consists of one input neuron, two fully connected hidden layers containing
32 and 16 neurons, respectively, and a single output neuron that estimates the normalized
NIR-band digital intensity value. Thus, the network follows a 1-32-16-1 architecture,
where the first value denotes the single input feature, the intermediate values indicate the
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Figure 3. Architecture of the lightweight MLP used for pixel-wise reconstruction of normalized
NIR-band digital intensity from normalized red-band digital intensity.

The hidden layers containing 32 and 16 neurons were selected to balance nonlin-
ear modeling capacity with architectural compactness. The architecture was not se-
lected through an exhaustive hyperparameter search, as the purpose of the study was
not to optimize a neural architecture for maximum predictive accuracy. Instead, the
32-16 configuration was selected as a compact nonlinear baseline that provides substan-
tially greater modeling capacity than linear and polynomial regression while maintaining
only 609 trainable parameters. The progressively decreasing layer width enables nonlinear
feature representation followed by compression before the scalar NIR output. The study
focused on evaluating a deliberately lightweight configuration intended for prospective
resource-constrained applications.

Each hidden layer employs the Rectified Linear Unit (ReLU) activation function due to
its computational efficiency, its ability to alleviate the vanishing gradient problem, and its
widespread use in deep learning for remote sensing and computer vision [28]. The output
layer uses a linear activation function, which is appropriate for continuous regression
problems involving normalized digital intensity values.

The forward propagation through the network can be defined as follows:

h; = ReLU(W1x; +bq),hy = ReLU(W3h; +by), 4)
while the predicted NIR value is obtained as
§; = W3hy +bs, )

where W1, Wy, and W3 denote the weight matrices associated with the first hidden layer,
second hidden layer, and output layer, respectively, while by, by, and bz denote their
corresponding bias vectors or bias terms.

As illustrated in Figure 3, the proposed architecture contains 609 trainable parame-
ters, providing sufficient nonlinear modeling capacity while maintaining a lightweight
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computational structure suitable for rapid pixel-wise inference over large UAV datasets.
This balance between predictive capability and architectural compactness supports further
investigation of the model in resource-constrained implementations.

The MLP was employed as a conventional nonlinear regression model to represent
relationships that linear regression cannot adequately capture. Although substantially
simpler than convolutional or transformer-based architectures, the proposed network
models the nonlinear red—-NIR relationship using only one input value and 609 trainable
parameters. Its relevance is therefore assessed empirically by comparing it with constant,
linear, polynomial, and tree-based regression models, along with analyses of predictive per-
formance, storage requirements, and execution characteristics. This compact formulation
makes the model a relevant candidate for lightweight spectral reconstruction workflows
and for future implementation on resource-constrained platforms.

2.5. Model Training

The proposed neural network was trained using a supervised learning strategy, where
each normalized red digital intensity value was an input sample, and the corresponding
normalized near-infrared digital intensities served as the target. During training, the model
learned its parameters by minimizing the discrepancy between the predicted and measured
normalized NIR digital intensity values across the training dataset.

The optimization problem can be formulated as

@ = argmin L(©), (6)
(©]
where @ denotes the complete set of trainable weights and biases of the neural network,
@ represents the optimal parameter set obtained after training, and L(®) represents the
objective function to be minimized during optimization.
The loss function was defined as the Mean Squared Error (MSE):

1 N N
MSE = ﬁzizl (Y1 - Yi)zf @)

where y, and §; denote the measured and predicted normalized NIR digital intensity values,
respectively, and N is the total number of training samples.

The neural network was implemented in Python 3.11.9 using TensorFlow 2.21.0 and
Keras and was trained on a system equipped with an 11th Gen Intel Core i5-1135G7
processor and 8 GB of RAM. The Adam optimizer was configured with a learning rate
of 0.001, B1 = 0.9, By = 0.999, and ¢ = 10~7. Adam was selected because it combines
adaptive learning-rate estimation with momentum-based optimization, providing stable
convergence and efficient optimization for nonlinear regression problems involving large
datasets [27]. The MSE loss function was chosen because it is the standard objective function
for continuous regression tasks and strongly penalizes large prediction errors.

The extracted pixel samples were randomly split into training and validation sets at a
9:1 ratio. Such a partition optimizes the learning process while simultaneously monitoring
the model’s performance on unseen validation data, thereby reducing the risk of overfitting
and supporting optimization monitoring and model selection within the development
subset [29].

Training was performed using mini-batch gradient descent with a batch size of
4096 samples. Since the dataset consists of millions of independent pixel observations
extracted from multispectral imagery, a relatively large batch size improves computational
efficiency while maintaining stable parameter updates during optimization.
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The network weights were initialized using the Glorot-uniform initializer, while all
bias terms were initialized to zero. Although the maximum number of training epochs
was set to 100, the validation loss reached its minimum at epoch 20. Therefore, the model
weights corresponding to epoch 20 were retained for final evaluation. The principal
hyperparameters and implementation settings used to train the proposed neural network
are listed in Table 2. These parameters were selected to balance computational efficiency and
stable optimization while maintaining the lightweight architecture proposed in this study.

Table 2. Training configuration of the proposed neural network.

Parameter Value
Model Multilayer Perceptron
Input feature Normalized red-band digital intensity
Output Normalized NIR-band digital intensity
Hidden layers 32-16 neurons
Activation function ReLU
Output activation Linear
Loss function Mean Squared Error
Optimizer Adam
Batch size 4096
Training framework TensorFlow 2.21.0/Keras 3.15.1
Training/Validation split 90%/10%
Python version 3.11.9
Learning rate 0.001
Adam $4 0.9
Adam f3, 0.999
Adam ¢ 107
Weight initialization Glorot uniform
Bias initialization Zeros
Maximum epochs 100
Completed epochs 20
Hardware 11th Gen Intel Core i5-1135G7 CPU, 8 GB RAM

As shown in Table 2, the proposed MLP employs two hidden layers with ReLU
activation and is optimized using the Adam algorithm with the Mean Squared Error (MSE)
loss function. The selected configuration provides a compact architecture while ensuring
efficient convergence during supervised training.

During training, the validation subset was used to monitor the evolution of the loss
function and evaluate the generalization capability of the proposed model. The progressive
reduction in both training and validation errors indicated that the network successfully
learned the nonlinear mapping between the red and NIR spectral responses without
exhibiting unstable optimization behavior.

After the training stage, the optimized model was applied to previously unseen UAV
imagery to reconstruct the NIR band from the normalized red digital intensity values.
The pixel-wise formulation and the compact 609-parameter architecture result in a small
saved-model size. Its practical execution characteristics were evaluated separately through
the training and inference measurements reported in Section 3.3.

2.6. Baseline Models and Comparative Evaluation

To contextualize the performance of the proposed MLP, four baseline approaches were
evaluated: a constant mean predictor, linear regression, second-degree polynomial regres-
sion, and Random Forest regression. These models were selected to represent progressively
more complex red-to-NIR mappings, ranging from a constant prediction to linear, simple
nonlinear parametric, and nonlinear ensemble-based regression.
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The mean predictor assigned every test pixel the mean normalized NIR digital intensi-
ties calculated exclusively from the training dataset and did not use the red-band input.
Linear regression modelled the relationship between the red and NIR digital intensities

using a first-degree function:
NIR = aR + b, (8)

where R denotes the normalized red-band digital intensities, while a and b are the regression
coefficient and intercept, respectively.

Second-degree polynomial regression was included to determine whether a simple
nonlinear function could represent the red-to-NIR relationship more adequately:

NIR = aR? + bR + ¢, 9)

where g, b, and ¢ are coefficients estimated from the training data.

Random Forest regression was included as a nonlinear machine learning baseline.
The model used an ensemble of 80 regression trees and a fixed random seed of 42 to
ensure reproducibility.

All baseline models used the same normalized red-NIR training pairs and were
evaluated on the same held-out test images employed for the final evaluation of the
proposed MLP. No pixel from the held-out test images was used for model fitting or
hyperparameter selection. The models were compared using MSE, RMSE, MAE, R?, and
Pearson’s correlation coefficient. For the constant mean predictor, Pearson’s correlation
coefficient was undefined because all predicted values were identical.

In addjition to predictive accuracy, the saved model size was recorded to compare the
storage requirements of the proposed MLP with those of the baseline models. Model size
was treated separately from training and inference speed because a smaller saved model
does not necessarily imply faster execution.

2.7. Performance Evaluation

The proposed methodology was examined from two complementary perspectives:
quantitative NIR reconstruction performance and an illustrative assessment of the in-
fluence of reconstruction errors on NDVI. The numerical evaluation quantified agree-
ment between reconstructed and measured normalized NIR digital intensity values,
whereas the application-oriented evaluation assessed whether the reconstructed NIR band
preserved sufficient spectral information for vegetation index generation [26]. Similar
evaluation strategies combining statistical accuracy with practical remote sensing ap-
plications have recently been adopted in studies on spectral reconstruction and NDVI
estimation [14,15,20-22,25].

To quantitatively assess the regression performance of the proposed MLP and the
baseline models, five complementary statistical indicators were employed: Mean Squared
Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), the coefficient
of determination (R?), and Pearson’s correlation coefficient (r). The MSE was computed
using Equation (7), while the RMSE, MAE, and R? were calculated using Equations (10)—(12)
as follows:

1 N .
RMSE = \/NZi—l (Yi - Yi)zl (10)
1 N N
MAE = ﬁzizl‘Yi - Yi|l (11)
A\2
R Ea(vi—9) 12

i (y; — v)?
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MAE represents the average absolute magnitude of the prediction errors, whereas
R? indicates the proportion of variability in the measured NIR values explained by the
model relative to a constant reference based on the mean of the test observations. The mean
predictor yielded an R? of zero, indicating that the constant prediction did not explain any
variance in the NIR values of the held-out test subset.

The Pearson correlation coefficient was additionally used to quantify the linear rela-
tionship between measured and reconstructed NIR values:

— Zi\; i) —9) —, (13)
\/Z%\L (v — y)z Z%il (5 —9)

where § denotes the mean predicted normalized NIR digital intensities.

These complementary metrics evaluate different aspects of model performance. MSE
and RMSE quantify the average reconstruction error, whereas the Pearson correlation
coefficient evaluates the strength of the linear relationship between the measured and
predicted digital intensity values.

Because the ultimate objective of NIR reconstruction is not only to minimize predic-
tion errors but also to preserve the spectral information required for subsequent remote
sensing analyses, an additional application-oriented validation was performed using the
Normalized Difference Vegetation Index:

NIR — R

DVl = ————
N NIR + R’

(14)
where NIR denotes the reconstructed or measured near-infrared digital intensities, and R
represents the digital intensities measured in the red spectral band.

For each image included in the held-out test subset, two NDVI maps were generated:
one using the original measured NIR band and another using the reconstructed NIR band
predicted by the proposed neural network. The comparison of these products enabled the
practical impact of spectral reconstruction on vegetation-index generation to be assessed,
complementing the numerical evaluation based on regression metrics.

In addition to the statistical analysis, a qualitative visual assessment was performed by
comparing the original NIR imagery, the reconstructed NIR imagery, and the corresponding
absolute error maps. This complementary evaluation provides insight into the spatial
distribution of reconstruction errors. It facilitates the interpretation of model performance
over different land-cover classes, including cultivated fields, harvested parcels, roads,
vegetation strips, isolated trees, and transition zones.

3. Results
3.1. Spatial Assessment of NIR Reconstruction Errors

The spatial distribution of NIR reconstruction errors was examined using representa-
tive images from the training and within-mission held-out test subsets. Figure 4 presents
the normalized red-band input image, the corresponding measured NIR-band image, and
the absolute reconstruction error map for a representative image from the training subset.
Figure 5 presents the same three components for a representative image from the within-
mission held-out test subset. The absolute error maps were calculated as the pixel-wise
absolute difference between the measured and reconstructed normalized NIR-band digital-
intensity values, thereby illustrating the spatial distribution of reconstruction errors across
the two representative images.
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Figure 4. Representative reconstruction results for the training subset: (a) normalized red-band input
image; (b) corresponding measured NIR-band image; (c) absolute error map between the measured
and reconstructed normalized NIR-band digital intensities.

(8) (h) @)

Figure 5. Representative spatial reconstruction-error results for three images from the within-mission
held-out test subset. The rows illustrate different agricultural surface configurations. The columns
show (a,d,g) normalized red-band input images; (b,eh) corresponding measured NIR-band im-
ages; and (c,f,i) absolute error maps between measured and reconstructed normalized NIR-band
digital intensities.
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The normalized red-band and measured NIR-band images show that agricultural
fields, vegetation strips, roads, field boundaries, and other landscape features are clearly
distinguishable in the selected representative scenes. The corresponding absolute error
maps show that reconstruction differences are spatially nonuniform and vary according to
the characteristics of the observed surfaces.

Lower reconstruction differences are observed across several relatively homogeneous
agricultural surfaces, whereas larger differences are concentrated primarily along field
boundaries, roads, vegetation strips, and transition zones characterized by abrupt digital-
intensity changes. These regions represent more challenging reconstruction conditions
because the proposed model performs independent pixel-wise predictions without explic-
itly incorporating information from neighboring pixels.

Therefore, the spatial error maps indicate that the model reconstructs normalized NIR-
band digital intensity more consistently over relatively homogeneous surfaces, whereas
larger discrepancies occur in heterogeneous and transitional regions. This spatial behavior
illustrates the limitations of applying a single global pixel-wise red-to-NIR mapping to
surfaces with different spectral characteristics.

3.2. Quantitative Reconstruction Performance

The quantitative performance of the proposed MLP was evaluated by comparing its
predicted NIR digital intensities with the corresponding measured values from the within-
mission held-out test subset. To contextualize its performance, the MLP was compared
with a constant mean predictor, linear regression, second-degree polynomial regression,
and Random Forest regression. All models were evaluated on the same held-out test data
using MSE, RMSE, MAE, R2, and Pearson’s correlation coefficient. The comparative results
are presented in Table 3, while the distribution of the pixel-wise squared errors produced
by the MLP is illustrated in Figure 6.

Table 3. Predictive performance of the proposed MLP and baseline regression models on the within-
mission held-out test subset.

Model MSE RMSE MAE R? Pearson r

Mean predictor 0.013834 0.117620 0.094462 0.000000 N/A
Linear regression 0.013586 0.116557 0.094653 0.017994 0.134172
Polynomial regression (degree 2) 0.011482 0.107152 0.086679 0.170073 0.412442
Random Forest regressor 0.010319 0.101585 0.079824 0.254077 0.504062
Proposed MLP 0.010329 0.101632 0.079883 0.253383 0.683637

As shown in Table 3, the mean predictor yielded an R? value of 0.000000, representing
the reference performance obtained without using the red-band input. Its undefined
Pearson correlation coefficient results from the constant predicted values, which have zero
variance. Therefore, Pearson’s r is reported as N/A (not applicable) for this baseline.

Linear regression provided only a limited improvement over the mean predictor,
obtaining an RMSE of 0.116557, an R? of 0.017994, and a Pearson correlation coefficient of
0.134172. Second-degree polynomial regression achieved lower prediction errors, reducing
RMSE to 0.107152 and MAE to 0.086679, while increasing R? to 0.170073 and Pearson’s r to
0.412442. These results indicate that a simple linear function cannot adequately represent
the relationship between the red and NIR digital intensities and that nonlinear modeling
provides a meaningful improvement.

Among the evaluated models, the Random Forest regressor produced the lowest
prediction errors, with an MSE of 0.010319, an RMSE of 0.101585, and an MAE of 0.079824.
It also achieved the highest R?, at 0.254077. The proposed MLP produced nearly identical
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error-based results: an MSE of 0.010329, an RMSE of 0.101632, an MAE of 0.079883, and
an R? of 0.253383. However, the MLP achieved the highest Pearson correlation coefficient
among the evaluated models (r = 0.683637), compared with 0.504062 for Random Forest,
indicating a stronger linear association between the MLP predictions and the measured
NIR digital intensities.
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Figure 6. Distribution of the pixel-wise squared errors between the measured and reconstructed

normalized NIR-band digital intensities in the within-mission held-out test subset.

Therefore, both nonlinear machine learning approaches outperformed the mean, linear,
and second-degree polynomial references. Random Forest achieved marginally lower error
values and a marginally higher R?, whereas the proposed MLP achieved a substantially
higher Pearson correlation coefficient. The very small differences in MSE, RMSE, MAE, and
R? indicate that the two nonlinear models provided practically comparable error-based
performance on the evaluated test subset. Nevertheless, the moderate R? values show that
red-band intensity alone explains only part of the variability in the measured NIR data.

The statistical indicators are complemented by the error distribution presented in
Figure 6, which provides a more detailed characterization of the reconstruction quality. The
histogram reveals a strongly right-skewed distribution, with the overwhelming majority
of pixel-wise squared errors concentrated near zero. Only a relatively small proportion
of pixels exhibit larger reconstruction errors, forming a gradually decreasing tail toward
higher error values. This distribution indicates that prediction errors are generally low
across most pixels, with large deviations observed only in a limited number of observations.

The concentration of squared errors near zero indicates that many test pixels had
relatively small reconstruction differences. Consequently, the histogram complements the
global statistical metrics by showing that the reported MSE and RMSE values summarize
a predominantly right-skewed error distribution in which relatively large errors occur
less frequently.

The combined quantitative evidence demonstrates that the proposed lightweight MLP
captures a meaningful nonlinear relationship between the Red and NIR digital intensities.
Despite relying on only one red-band pixel value and excluding additional spectral and spa-
tial information, the model reproduced relevant NIR variations and achieved error-based
performance comparable to that of the substantially larger Random Forest model. These
results support the feasibility of using reconstructed normalized NIR digital intensities as
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an accessible source of approximate spectral information for vegetation-oriented and other
application-driven remote sensing analyses.

3.3. Computational Characteristics

The proposed MLP comprises only 609 trainable parameters. A single pixel-wise pre-
diction requires approximately 560 multiplications, 560 additions, and 48 ReLU evaluations.
In addition to its architectural compactness, the storage requirements of the trained MLP
were compared with those of the evaluated baseline models. The resulting saved model
sizes are presented in Table 4.

Table 4. Computational characteristics of the evaluated regression models.

Model Training Time (s) Inference Time (s) Saved Model Size
Linear regression 24.250 0.003410 0.403 KB
Polynomial regression 58.500 0.003759 0.411 KB
(degree 2)
Random Forest regressor 912.940 0.100530 1712.230 KB
Proposed MLP 4730.455 1.398822 31.401 KB

As shown in Table 4, linear and second-degree polynomial regression had the smallest
storage requirements because they retained only a limited number of fitted coefficients.
The proposed MLP occupied approximately 31.4 KB in its saved form, whereas the Ran-
dom Forest regressor required approximately 1712.23 KB. Consequently, the saved MLP
was approximately 56 times smaller than the Random Forest model. Although the MLP
was larger than the two parametric regression baselines, it provided substantially better
predictive performance than these simpler models, as reported in Table 3.

All execution times reported in Table 4 were measured without GPU acceleration on
the same system equipped with an 11th Gen Intel Core i5-1135G7 processor and 8 GB of
RAM. Training times were measured using the complete development dataset comprising
252 images, whereas inference times were measured for a single held-out test image with
a spatial resolution of 1600 x 1300 pixels. Under these experimental conditions, the
proposed MLP required 4730.455 s for training and 1.398822 s to process the test image. In
comparison, the Random Forest regressor required 912.940 s for training and 0.100530 s for
inference on the same image, while the linear and polynomial regression models exhibited
substantially shorter execution times. Thus, the compact storage representation of the
MLP did not translate into faster training or inference under the current software and
hardware configuration.

Therefore, the results demonstrate that the principal computational advantage of
the proposed MLP lies in its architectural compactness and reduced storage requirement
relative to the Random Forest baseline. However, saved model size and execution time
represent distinct computational characteristics. Although the MLP was approximately
56 times smaller than Random Forest in terms of saved size, it required longer training and
inference times under the evaluated conditions. The reported execution times depend on the
hardware configuration, software implementation, dataset size, and runtime conditions and
should therefore be interpreted as system-specific measurements rather than universally
reproducible benchmarks.

3.4. NDVI Reconstruction Assessment

The influence of the proposed Red-to-NIR reconstruction methodology on a subse-
quent remote sensing product was further examined using the Normalized Difference
Vegetation Index. Since NDVI is one of the most widely used vegetation indices for veg-
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etation monitoring, precision agriculture, and environmental assessment, this analysis
provides an application-oriented illustration of how NIR reconstruction errors may affect
the resulting vegetation index, complementing conventional regression metrics.

To evaluate the influence of the reconstructed NIR band on vegetation-index genera-
tion, two NDVI maps were produced for each image in the held-out test subset. The first
NDVI map was computed from the original NIR band acquired by the multispectral sensor.
In contrast, the second was generated from normalized NIR digital intensities predicted by
the proposed MLP, while preserving the original red spectral band. In addition, an absolute
NDVI difference map was calculated to visualize the spatial distribution of reconstruc-
tion errors. Figure 7 presents the measured NDVI map and the corresponding absolute
difference map for a representative test image.

(@) (b)

Figure 7. Illustrative NDVI assessment for a representative image from the within-mission held-out
test subset: (a) NDVI calculated using the measured NIR-band data; (b) absolute difference between
NDVI calculated using measured and reconstructed NIR-band data.

As illustrated in Figure 7, the measured NDVI map shows the principal spatial dis-
tribution of vegetation in the representative test image. The absolute NDVI difference
map indicates that the differences between measured and reconstructed NDVI are spatially
variable and appear more pronounced along some field boundaries and heterogeneous
transition regions, where abrupt spectral changes may make pixel-wise prediction more
challenging. Lower visual differences can be observed in several relatively homogeneous
agricultural areas. However, because this comparison is qualitative and no aggregated
NDVI error metrics or land-cover-specific assessments were calculated, these observations
should not be interpreted as quantitative evidence of reconstruction accuracy.

To complement the image-based assessment, a theoretical sensitivity analysis was
conducted to illustrate how a fixed perturbation in the reconstructed NIR digital intensity
may propagate into the calculated NDVI. Normalized red and NIR digital intensities
within the interval [0, 1] were considered. For each valid combination for which the
NDVI denominator was nonzero, the absolute difference between the original NDVI and
the NDVI calculated after adding a fixed positive perturbation to the NIR value was
determined. A perturbation of ANIR = 0.1 was selected because it approximates the test-set
RMSE of the proposed MLP (0.101632). This value represents an illustrative perturbation
on the normalized digital-intensity scale and should not be interpreted as an absolute
surface-reflectance difference or as the actual prediction error of every test pixel.

The propagated NDVI difference was calculated as follows:

NIR +ANIR —R NIR-R

ANDVI = | QIR TANIRT R~ NIRT R/

(15)
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As shown in Figure 8, the effect of a fixed NIR perturbation on NDVI is nonlinear and
depends on both the red and NIR digital intensities. The largest absolute NDVI differences
occur when the sum of the red and NIR intensities is relatively small, particularly at low NIR
values. As NIR intensity increases, the absolute NDVI difference generally decreases. Thus,
NIR errors of similar magnitude may produce different NDVI deviations depending on the
spectral values of the analyzed pixel. This theoretical analysis illustrates the sensitivity of
NDVI to NIR reconstruction errors.
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Figure 8. Theoretical propagation of a fixed positive NIR perturbation (ANIR = 0.1) into the resulting
NDVI variation (ANDVI) as a function of normalized NIR digital intensity. Each colored curve
corresponds to a different normalized Red-band digital-intensity value, denoted by R (R = 0.05-0.90).

Therefore, the NDVI-based assessment provides an application-oriented illustration of
how the reconstructed NIR data affect the spatial representation of vegetation. The preser-
vation of broad vegetation patterns indicates potential value for qualitative assessment,
preliminary crop monitoring, and exploratory decision support in settings where dedicated
multispectral resources are unavailable or economically impractical. The approach is not
proposed as a universal substitute for calibrated NIR measurements, particularly in applica-
tions requiring high radiometric accuracy. Further quantitative NDVI validation, including
error metrics, agreement analysis, and land-cover-specific assessment, will determine the
operational contexts and accuracy requirements for which the reconstructed information is
most suitable.

4. Discussion
4.1. Reconstruction Performance and Relation to Existing Studies

The present study investigated the feasibility of reconstructing the near-infrared spec-
tral band from the red spectral band using a lightweight multilayer perceptron operating
exclusively at the pixel level. Unlike most recent approaches, which employ computation-
ally intensive convolutional neural networks, encoder—decoder architectures, generative
adversarial networks, or transformer-based models, the proposed methodology intention-
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ally eliminates spatial context and focuses solely on the nonlinear relationship between the
normalized red-band and NIR-band digital intensities of individual pixels [11,14-16,19-25].
This simplified formulation enables investigation of the pixel-level statistical relationship
between the two bands while maintaining low architectural complexity.

The experimental results indicate that the MLP captured part of the pixel-level re-
lationship between the normalized red-band and NIR-band digital intensities without
using neighboring-pixel information. The reconstructed NIR imagery and the derived
vegetation-index maps visually preserved the dominant spatial organization of agricultural
parcels, vegetation strips, and transition zones, although local discrepancies remained
visible. These observations suggest that the red-band input contains predictive information
about the corresponding NIR-band values during the evaluated mission. However, the
moderate coefficient of determination and the absence of cross-site or cross-date validation
indicate that this relationship should not be interpreted as universally stable.

Recent advances in artificial intelligence have considerably improved spectral recon-
struction from RGB and multispectral imagery. Zhao et al. [20] demonstrated that deep
convolutional architectures can accurately reconstruct multispectral information for UAV-
based crop phenotyping. In contrast, Yuan et al. [16] successfully employed conditional
generative adversarial networks to generate artificial NIR information and vegetation
indices from visible imagery. Moscovini et al. [15] proposed a machine learning frame-
work for pixel-wise NDVI estimation from calibrated RGB images, while Gong et al. [24]
investigated lightweight neural architectures for spectral super-resolution. Additional
studies have shown that encoder—decoder and transformer-based architectures can further
improve reconstruction accuracy by jointly exploiting spectral and spatial information [18].
Although these approaches generally achieve higher predictive performance, they also
require substantially larger training datasets, considerably more trainable parameters, and
significantly higher computational resources.

4.2. Baseline Comparison and Computational Characteristics

The proposed methodology was intentionally designed to prioritize computational
compactness and implementation simplicity rather than maximizing predictive accuracy.
The MLP contains 609 trainable parameters and occupies approximately 31.4 KB in saved
form, compared with approximately 1.712 MB for the evaluated Random Forest regres-
sor. Thus, the saved MLP was approximately 56 times smaller than the Random Forest
model. Nevertheless, the MLP required 4730.455 s for training and 1.398822 s for inference,
exceeding the corresponding execution times of all evaluated baseline models under the
reported experimental conditions. These results show that architectural complexity, saved
model size, runtime memory use, and execution time represent distinct computational
characteristics. Therefore, the main computational advantage demonstrated by the MLP is
its compact architecture and reduced saved-model size relative to Random Forest, rather
than faster training or inference.

Comparison with the baseline regression models provides a more nuanced interpreta-
tion of the proposed method. The MLP substantially improved upon the mean predictor,
linear regression, and second-degree polynomial regression. Compared with Random For-
est, the MLP produced nearly identical MSE, RMSE, MAE, and R? values, while achieving
a considerably higher Pearson correlation coefficient. Random Forest remained marginally
better according to the error-based metrics, but the differences were very small. Therefore,
the proposed MLP provides predictive performance comparable to that of the evaluated
Random Forest while retaining a substantially smaller architecture and saved model size.
Its contribution lies in providing a compact neural baseline for pixel-wise Red-to-NIR
reconstruction rather than establishing state-of-the-art predictive performance.
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Unlike image-to-image reconstruction approaches that use several visible bands
and spatial context, the proposed MLP evaluates a deliberately constrained single-input
configuration. Its contribution is therefore characterized by the experimentally ob-
served trade-off between available spectral information, predictive performance, and
architectural compactness.

4.3. Error Sources and NDVI-Based Interpretation

The observed predictive performance reflects the amount of information available
when NIR digital intensity is estimated from a single Red-band value. Similar red intensi-
ties may correspond to different NIR intensities due to variations in vegetation structure,
soil background, shadows, illumination, and land cover type. Although land-cover-specific
models could potentially represent these heterogeneous relationships more effectively,
their development would require reliable land-cover labels or an additional classification
stage. Consequently, the conditional variability of NIR for a given Red intensity defines the
attainable accuracy of deterministic single-band reconstruction. Within this boundary, the
proposed MLP offers a compact approximation that can provide access to NIR-related in-
formation in applications where direct multispectral acquisition and specialized processing
are unavailable or economically impractical.

Based on the present results, the proposed method provides its most consistent es-
timates under acquisition conditions similar to those represented in the training data,
particularly over relatively homogeneous agricultural surfaces and under comparable
sensor and illumination conditions. The spatial error analysis further indicates that het-
erogeneous transition regions, mixed pixels, and abrupt land-cover boundaries represent
more challenging prediction conditions because similar red-band responses may corre-
spond to different NIR values. Within this experimentally defined scope, the reconstructed
NIR values provide data-driven estimates of NIR-related information that may support
qualitative vegetation assessment and exploratory remote sensing applications. These
estimates are intended to complement preliminary, resource-constrained assessment work-
flows rather than to replace calibrated NIR measurements in applications requiring high
radiometric accuracy.

An important contribution of the present study is the application-oriented assessment
based on NDVI reconstruction. Many previous investigations assess spectral reconstruction
primarily through numerical regression metrics such as MSE, RMSE, or the coefficient of
determination [14-17,19-25]. While these indicators provide valuable information regard-
ing prediction accuracy, they do not directly illustrate how reconstruction errors may affect
subsequent remote-sensing products. In contrast, the present work additionally examines
how the reconstructed NIR band influences the generation of a vegetation index widely
used in precision agriculture and environmental monitoring [17]. In the representative
test image, some broad spatial vegetation patterns remained identifiable in the NDVI
product generated using the reconstructed NIR band. Because NDVI remains one of the
most widely adopted indicators of crop vigor, biomass, canopy development, ecosystem
condition, and plant health [7-10], this assessment illustrates the potential downstream
relevance of NIR reconstruction errors. The importance of reliable vegetation-index re-
trieval has likewise been emphasized in recent studies on hyperspectral remote sensing.
Plajer et al. [11] demonstrated the effectiveness of hyperspectral imagery for accurate NDVI
computation, while Racoviteanu et al. [12] proposed spectral aggregation strategies for
retrieving Sentinel-2 vegetation indices from PRISMA hyperspectral data. These studies
further confirm the growing importance of artificial intelligence and advanced spectral
processing for vegetation-index retrieval and for extracting vegetation-related information
from remotely sensed imagery [11,12].
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4.4. Accessibility, Practical Relevance, and Future Research

From an accessibility perspective, the significance of the proposed framework extends
beyond reducing model size. Multispectral remote sensing may involve not only the acqui-
sition cost of dedicated sensors but also radiometric processing software, computational
infrastructure, and specialized expertise. These combined requirements can restrict the
adoption of precision-agriculture technologies by small farms and individual producers.
By investigating how NIR-related information can be approximated from a minimal visible-
band input using a compact model, the present study provides a technical foundation
for lowering these entry barriers. Subject to further validation with conventional RGB
cameras, such an approach may enable qualitative vegetation assessment, preliminary crop
monitoring, and early identification of areas requiring closer inspection without the full
financial and technical infrastructure associated with conventional multispectral workflows.
Accordingly, the compact formulation provides a technical basis for further evaluation
within accessible, resource-constrained vegetation-monitoring workflows.

Several limitations should nevertheless be acknowledged. First, the experimental
dataset was acquired using a single UAV multispectral platform over agricultural areas
within a single geographical region of the Republic of Moldova. Additional experiments
involving different crops, climatic conditions, acquisition seasons, geographical regions,
and environmental conditions would provide a more comprehensive assessment of the
robustness and transferability of the proposed methodology. Second, the present study in-
tentionally used only the red spectral band as input to isolate its nonlinear relationship with
the NIR response. Future investigations may examine whether incorporating additional
visible bands, such as blue, green, or red-edge digital intensities, further improves recon-
struction accuracy while maintaining a lightweight network architecture. Finally, although
the adopted MLP provides a compact architecture and small saved-model size, future
research may investigate implementation-level optimizations and hybrid lightweight archi-
tectures that combine pixel-wise spectral regression with limited spatial feature extraction.
From a system-integration perspective, the proposed model could also be incorporated as a
dedicated processing service within a modular UAV software architecture, enabling spectral
estimation to operate alongside flight-control, data-acquisition, and geospatial-processing
components [30]. Such developments could improve reconstruction performance and
execution efficiency without sacrificing the accessibility-oriented design of the proposed
framework [14-16,19-25].

Therefore, the results position the proposed MLP as a compact empirical baseline that
balances attainable reconstruction performance with minimal spectral-input and architec-
tural requirements. This balance is particularly relevant to accessible vegetation assessment
and preliminary crop monitoring, while broader operational use requires validation across
sensors, sites, and seasons, as well as with conventional RGB imaging platforms.

5. Conclusions

This study evaluated a compact pixel-wise MLP for approximating normalized NIR-
band digital intensity from a single red-band value without using additional spectral bands
or spatial-context information. The model contains 609 trainable parameters and was
investigated as a lightweight empirical baseline rather than as a novel neural-network
architecture. On the within-mission held-out test subset, it achieved an MSE of 0.010329,
an RMSE of 0.101632, an MAE of 0.079883, an R? of 0.253383, and a Pearson correlation
coefficient of 0.683637. Its error-based performance was comparable to that of the evaluated
Random Forest regressor. However, the moderate R? indicates that a single red-band value
cannot fully account for the variability in the NIR response. The main contribution of this
work is therefore the empirical characterization of the predictive information that can be
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extracted from a single red-band observation using a minimal nonlinear model, together
with the resulting trade-off between predictive accuracy, available input information, and
architectural compactness.

The reconstructed data preserved broad spatial vegetation patterns in the illustrative
NDVI comparison, indicating potential usefulness for qualitative vegetation assessment
and preliminary remote sensing analysis when directly measured NIR data are unavailable.
Nevertheless, the proposed method should not be regarded as a replacement for dedicated
multispectral sensors or calibrated NIR measurements, particularly in applications requir-
ing accurate quantitative spectral or vegetation-index information. Moreover, because all
data originated from a single UAV mission and spatial blocking was not applied, the results
demonstrate within-mission held-out performance rather than generalization across sites,
seasons, crop types, or acquisition conditions.

Future research should validate the approach using spatially and temporally inde-
pendent datasets acquired across diverse landscapes, crops, growth stages, seasons, and
illumination conditions. It should also include quantitative validation of reconstructed
vegetation indices, land-cover-specific error analysis, testing with conventional low-cost
RGB cameras, and the investigation of compact models incorporating additional visible
bands or limited spatial information.
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