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Abstract

Near-infrared (NIR) imaging plays a crucial role in precision agriculture; however, the high
cost of multispectral sensors limits its widespread adoption. In this study, we generate
synthetic NIR images (2592 x 1944 pixels) of pineapple crops from standard RGB drone
imagery using the Pix2PixHD framework. The model was trained for 580 epochs, saving the
first model after epoch 1 and then every 10 epochs thereafter. While models trained beyond
epoch 460 achieved marginally higher metrics, they introduced visible artifacts. Model 410
was identified as the most effective, offering consistent quantitative performance while
producing artifact-free results. Evaluation of Model 410 across 229 test images showed a
mean SSIM of 0.6873, PSNR of 29.92, RMSE of 8.146, and PCC of 0.6565, indicating moderate
to high structural similarity and reliable spectral accuracy of the synthetic NIR data. The
proposed approach demonstrates that reliable NIR information can be obtained without
expensive multispectral equipment, reducing costs and enhancing accessibility for farmers.
By enabling advanced tasks such as vegetation segmentation and crop health monitoring,
this work highlights the potential of deep learning—based image translation to support
sustainable and data-driven agricultural practices. Future directions include extending the
method to other crops, environmental conditions and real-time drone monitoring.

Keywords: precision agriculture; Pix2PixHD; image-to-image translation; synthetic NIR
generation; GANs; pineapple crop; multispectral images

1. Introduction

The increasing global population and the pressing need for sustainable food produc-
tion have propelled the field of precision agriculture to the forefront of modern farming [1,2].
Unmanned Aerial Vehicles (UAVs), commonly known as drones, have become a pillar of
this revolution by enabling the rapid, non-destructive, and cost-effective acquisition of
extensive data from agricultural fields [2]. This remote sensing data is invaluable for tasks
such as monitoring crop health, estimating yields, optimizing irrigation, and detecting
pests and diseases early [1-4].

Central to these applications is the ability to analyze information beyond the visible
spectrum. Near-Infrared (NIR) bands are particularly critical, as they provide rich spectral
information about a plant’s biological processes that are not perceptible to the human
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eye [5]. For instance, healthy vegetation exhibits high reflectance in the NIR range, a
property that forms the basis for essential vegetation indices like the Normalized Difference
Vegetation Index (NDVI) [1,6-8]. However, the widespread adoption of NIR imaging is
hindered by significant barriers. Dedicated multispectral cameras required to capture
these bands are often excessively expensive—ranging from thousands to tens of thousands
of dollars—and typically offer lower spatial resolution compared to standard RGB (Red,
Green, and Blue) cameras. This financial and technical gap prevents many small and
medium-scale producers from accessing powerful technology that could enhance their
operations [4,6].

To overcome this limitation, a growing body of research is focused on synthesizing
NIR data from readily available and low-cost RGB images [9]. This task, known as image-
to-image (I2I) translation [2,10-13], aims to create a virtual NIR channel from a visible-light
image, providing a practical and affordable alternative for agricultural monitoring. The gen-
eration of spectral images from RGB images for crop monitoring has evolved significantly
over the years. Initial approaches were based on physical models or linear and polynomial
regressions to estimate the NIR band from observed RGB pixel values [14]. However,
these methods proved to be highly sensitive to variable environmental conditions—such as
lighting, atmospheric humidity, or solar angle—and lack the ability to model the complex
nonlinear relationships inherent in the plant structures of different crops and phenological
stages, which severely limits their generalization [2,15]. Machine learning and, specifically,
deep learning models have shown remarkable promise in this domain due to their ability
to learn the complex, nonlinear correlations between RGB and NIR reflectance that physical
models cannot easily define [6,15,16].

Nevertheless, most existing studies present limitations that restrict their applicability
to real agricultural environments. Many are based on paired RGB-NIR datasets [6,15] that
are difficult to acquire or produce low-resolution results that are unsuitable for precision
tasks (typically <1024 x 1024 pixels). Furthermore, validation is often limited to crops
with simple canopies, while tropical species such as pineapple remain largely unexplored.
These limitations highlight the need for crop-specific approaches that can be generalized to
field conditions [7-9].

Recent research in I2I translation has been largely shaped by Generative Adversarial
Networks (GANSs) [17], a class of deep learning models in which a generator and a discrim-
inator are trained in competition. Conditional GANs (cGANSs) [18] demonstrated strong
performance on tasks requiring paired datasets, often employing U-Net architectures [19] to
preserve fine spatial and textural details. Extending this paradigm, Cycle-consistent GANs
(CycleGANSs) [20] enable unsupervised 121 translation by removing the need for paired
data, using cycle consistency to maintain semantic coherence across domains. A compre-
hensive overview of these and related approaches is provided in [21], which discusses key
methodologies, applications, challenges, and future research directions.

Within this landscape, Pix2PixHD [22] has emerged as a variant of cGANs capa-
ble of generating images at megapixel resolution through a coarse-to-fine generator and
multi-scale discriminators, which help preserve both global structure and local spectral
consistency. It has achieved excellent results in translating visible images to NIR [23,24] and
in agricultural applications such as plant phenotyping [25,26] and disease detection [27].
However, to date, no study has applied Pix2PixHD to synthesize NIR imagery of pineap-
ple crops, which exhibit complex canopies and unique spectral responses that challenge
standard RGB-to-NIR translation methods.

GAN-based models such as Pix2Pix [10], CycleGAN [20], and Pix2PixHD [22] have
demonstrated strong capabilities in image translation and have had a profound impact
across multiple domains, including precision agriculture [1,4,6,9,28,29], robotics [30], med-
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ical imaging [31], human face synthesis [32], and fire detection [33]. These models rely
on an adversarial process in which an encoder-decoder generator progressively learns to
produce realistic images in the target domain while a discriminator evaluates their authen-
ticity. More advanced methods, such as Pix2Next [34], have been developed to enhance
image quality by integrating Vision Foundation Models and cross-attention mechanisms,
demonstrating a new state-of-the-art in the field.

In this study, we addressed the challenge of generating synthetic NIR images with
a resolution of 2592 x 1944 pixels of pineapple crops from RGB data by employing the
Pix2PixHD method, specifically designed for high-quality imagery synthesis. Our approach
demonstrates that reliable NIR information can be derived from standard RGB drone
imagery, thereby eliminating the need for costly multispectral equipment. By producing
spectrally accurate and high-quality synthetic NIR data, this work offers a practical and
cost-effective pathway for precision agriculture applications, enabling advanced tasks
such as vegetation segmentation and crop health monitoring. These findings highlight
the potential of deep learning-based image translation to make sophisticated agricultural
analysis more accessible to farmers and practitioners worldwide.

To synthesize the limitations of prior work, existing NIR-synthesis studies face three
persistent constraints: (i) the scarcity and difficulty of acquiring paired RGB-NIR datasets,
which limits generalization; (ii) the predominance of low-resolution outputs that hinder
applications requiring fine spatial detail; and (iii) the lack of evaluations on complex
tropical crops, resulting in limited evidence of generalization to real-world agricultural
structures. These constraints reveal a clear research gap: no previous work provides paired
RGB-NIR synthesis for tropical crops with complex canopies—such as pineapple—using a
GAN-based framework capable of handling large-scale imagery.

To address this gap, this study offers three main contributions: (i) the first application
of Pix2PixHD to generate synthetic NIR images specifically for pineapple crops, a use case
characterized by complex canopies; (ii) the development of a new paired RGB-NIR aerial
dataset with a resolution of 2592 x 1944 pixels, which is larger than those typically found
in previous research on NIR synthesis; and (iii) a systematic evaluation of 580 training
checkpoints to examine the relationship between quantitative performance and perceptual
quality. These contributions improve the methodological basis for GAN-based spectral
synthesis in the context of pineapple crop monitoring.

Specifically, the objectives of this work are: (i) to train and evaluate a Pix2PixHD
model to generate synthetic NIR images from RGB aerial data of pineapple crops; (ii) to
assess the quality of the synthetic NIR images by comparing them with the corresponding
real test images, using both quantitative metrics (SSIM, PSNR, RMSE, and PPC) and visual
assessment to balance numerical performance with artifact-free appearance; and (iii) to
analyze the potential of this approach to reduce equipment costs while maintaining spectral
accuracy in tropical agriculture.

2. Materials and Methods
2.1. Dataset Collection

The multispectral dataset was acquired using a DJI Mavic 3M UAV. The equipment
manufacturer is DJI, and it was sourced from Monteria, Colombia. This is equipped with an
integrated sensor system that captures images simultaneously in four spectral bands (green,
red, red edge, and near-infrared) and one RGB image composed of three color channels.
The DJI Mavic 3M covers green, red, red edge, and NIR wavelengths centering at 560 nm,
650 nm, 730 nm and 860, respectively. For the visual recording of the pineapple crop, a
systematic image acquisition was carried out during the 2024-2025 cycle. The captures
were programmed to occur at a quarterly frequency to document the crop at different stages
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of its growth. All photographs were taken at an altitude of 20 m above the plantation and
from an angle perpendicular to the ground surface.

In this study, pairs of RGB and NIR images were used to train and evaluate the
Pix2PixHD model. The RGB images, composed of three color channels, served as the
input data, while the corresponding NIR band—centered at a wavelength of 860 nm—was
used as the target output to generate synthetic near-infrared representations. This pairing
enables the model to learn spectral transformations from the visible domain to the NIR
domain. The dataset consists of 1521 RGB-NIR paired images, each with a resolution of
2592 x 1944 pixels, with 70% of the samples randomly assigned to training and 30% to
testing. The RGB-NIR image pairs collected during 2024 and 2025 were jointly used for
training and evaluation to encompass a wider diversity of phenological and illumination
conditions and to ensure a more representative dataset size. To complement this primary
split and to evaluate the model’s temporal robustness, an additional cross-year validation
was performed. In this analysis, the model was trained exclusively on the 1014 paired
images collected in 2024 and subsequently evaluated on the 507 images acquired in 2025,
enabling an independent assessment of inter-annual variation effects. The results of this
validation are presented in Section 3.4.

2.2. Methods

The Pix2Pix method [10] is a cGAN-based framework used for I2I translation tasks. It
consists of a generator and a discriminator: the generator aims to translate images in RGB
format to images in the NIR spectrum. In contrast, the discriminator seeks to differentiate
between authentic and model-generated images. This approach is trained in a supervised
manner, using a dataset composed of pairs of corresponding images (xi, yi), where xi is
an RGB image and yi its respective NIR image. Pix2pix employs a U-Net architecture [18],
and as a discriminator, a fully convolutional network known as PatchGAN [10].

Since the images used in this study have a resolution of 2592 x 1944 pixels, we
chose to employ Pix2pixHD, an extension of the original framework proposed by [21],
explicitly designed for high-quality images synthesis at large resolutions. This model
introduces a coarse-to-fine generator, a set of multi-scale discriminators, and a more robust
adversarial loss function. The generator is decomposed into two sub-networks: G1, which
acts as a global generator, and G2, which refines the results locally, forming a generator
(G1, G2). The discriminator, on the other hand, adapts to challenges associated with large-
resolution images by using multiple discriminators in parallel with the same architecture,
but operating at different spatial scales, allowing a more efficient and stable evaluation
without overfitting or excessive memory usage.

2.3. Network Architecture

The architecture used in this work corresponds to an adaptation of the Pix2pixHD al-
gorithm, in which only the G1 subnetwork of the generator is used. This decision addresses
computational limitations that prevent the implementation of the local enhancement pro-
vided by the G2 subnetwork. Also, the discriminator was configured with two multi-scale
PatchGAN networks operating in parallel. However, these modifications were made
without compromising training efficiency or stability. The architecture was configured to
process images at a resolution of 2592 x 1944 pixels efficiently in terms of memory usage,
while ensuring reliability in the generated images. Algorithm Al (Appendix A) outlines
the training procedure, which maintains the conventional scheme of cGANSs, consisting of
alternating updates of the generator and discriminator parameters (Figure 1).
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Figure 1. Architecture of the Pix2pixHD implemented for RGB to NIR image translation.

2.3.1. Feature Extractor

The feature extractor comprises a series of convolutional operations that perform a
transformation on the pixels of the input image into a semantic representation. The process
starts with an RGB image of dimensions 2592 x 1944 and three channels, which is processed
by an initial convolutional layer that converts these channels into 32 feature maps. From
there, the information goes through four sequential convolutional blocks, where each one
reduces the spatial resolution by half and doubles the number of channels, as shown in
Table 1. In the final stage of such extraction development, the output point is attributed as
a compact feature map, which has a limited resolution (122 x 162) and a massive depth
(512 channels). So far, this tensor is a compact encoding of the original visualization, as it
integrates the semantic information implemented by the ResnetBlocks in the bottleneck.

Table 1. Encoder Downsampling Blocks.

Step Input Dimension  Input Channels  Output Dimension = Output Channels
1 2592 x 1944 32 1296 x 972 64
2 1296 x 972 64 648 x 486 128
3 648 x 486 128 324 x 243 256
4 324 x 243 256 162 x 122 512

2.3.2. Generator

The first half of the generator network corresponds to the feature extractor, whose
output enters the processing stage through the bottleneck; this is the central and deep-
est part of the network. Here, the compact feature map passes through a series of six
ResnetBlocks, where each applies complex transformations to the data without changing its
resolution. The key to these blocks lies in their skip connections, which allow the network
to go deeper and learn complex patterns without losing information from previous layers.
This is the stage at which the network understands the image content and defines how
it will be translated. After finishing the processing at the bottleneck, the decoder starts
to fulfill its function of performing the inverse task, i.e., reconstructing the final image,
this is performed through four upsampling blocks that work as an inverse convolution
where each block doubles the spatial resolution and, at the same time, halves the number
of channels, inversely replicating the encoder process, as shown in Table 2. Finally, a last
convolutional layer converts the feature maps into the channels of the output NIR image,
and a Tanh activation function normalizes the pixel values, thus completing the generated
image at its original resolution.
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Table 2. Decoder Upsampling Blocks.

Block Input Dimension  Input Channels  Output Dimension = Output Channels

1 162 x 122 512 324 x 243 256
2 324 x 243 256 648 x 486 128
3 648 x 486 128 1296 x 972 64
4 1296 x 972 64 2592 x 1944 32

2.3.3. Discriminator

Discriminator is the second essential component of the architecture used in this work.
Its function is to act as an “art critic,” judging how realistic the NIR image generated by
the model is by comparing it with a real NIR image. To achieve this, it does not focus
on the NIR image in isolation. Still, it analyzes the complete pair, i.e., the RGB image
input together with the NIR image (whether real or generated). This component is based
on two key concepts: multi-scale and PatchGAN. The multi-scale approach uses several
discriminators. In this work, two discriminators were used that work in parallel at different
scales. The first discriminator operates at full resolution with the image and is responsible
for evaluating fine details, edge sharpness, and texture consistency. Conversely, the second
discriminator operates on a version of the image reduced by half, specializing in overall
coherence, general composition, and whether objects have the correct structure on a large
scale. This dual approach forces the generator to produce images that are not only detailed
but also structurally correct. In the PatchGan approach, the discriminator is not limited
to giving a single verdict on whether the image is real or fake. Instead, it functions as
a fully convolutional network that generates a feature map, where each pixel represents
the evaluation of a small overlapping patch of the input image. That value represents
the discriminator’s decision on the authenticity of that fragment. In this way, instead of
judging the image as a whole, the discriminator analyzes it in parts, forcing the generator
to attend and improve the realism in all areas of the image simultaneously.

2.3.4. Output Configuration and NIR Channel Representation

In this work, the generator’s output was configured with three channels, following
the original Pix2PixHD architecture. Although the target domain is near-infrared (NIR)
images, maintaining the three-channel configuration ensures compatibility with the model’s
pretrained layers and facilitates stable convergence during adversarial training. However,
each output channel does not represent a distinct wavelength or a separate NIR band.
Instead, the three channels jointly encode the learned spatial and textural representation of
the synthetic NIR domain, effectively reproducing the visual and radiometric characteristics
of real NIR images acquired at a wavelength centered at 860 nm.

Therefore, only one NIR band—corresponding to the near-infrared spectral range of
the original DJI Mavic 3M sensor—was modeled, and a continuous NIR spectrum was
not generated. As a result, spectral profiles are not reported, since the model’s output is a
synthetic image-level reconstruction rather than a pixel-level spectral estimate. This design
choice allows us to leverage Pix2PixHD's high-capacity feature mapping while preserving
structural and radiometric consistency with the real NIR domain.

2.4. Loss Function

Model performance was optimized by incorporating additional components into the
standard loss function used in GANSs, thereby improving the quality of the generated
images. We used L1-Loss, VGG Loss, and a Feature Matching Loss (see Appendix B).
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2.5. Training Checkpoints and Model Notation

During training, the model was optimized for a total of 580 epochs. To monitor
the evolution of the learning process, the first checkpoint was saved after epoch 1 and
subsequent checkpoints were stored every 10 epochs. Throughout the manuscript, the
notation model followed by a number (e.g., model 410, model 460, model 500) refers to the
complete state of the Pix2PixHD network—both generator and discriminator—saved at
the corresponding epoch. This convention enables a progressive evaluation of the model’s
behavior during training and facilitates the identification of convergence trends, stability
patterns, and the selection of the most reliable configuration for subsequent analysis.

3. Results
3.1. Quantitative Performance Analysis

To assess the performance of the proposed models in estimating NIR images from RGB
inputs, we report four key evaluation metrics that collectively capture structural similarity,
signal quality, reconstruction error, and correlation with ground truth data. Specifically,
we employ SSIM, PSNR, RMSE, and PCC metrics [24,35]. These metrics were computed
as averages over an independent test dataset composed of 229 RGB-NIR image pairs that
were not used during training, ensuring an unbiased validation of model performance.

The progression of SSIM values across the different models demonstrates a consistent
improvement in structural similarity between the predicted and ground truth NIR images.
As illustrated in Figure 2a, SSIM starts at 0.6633 for the initial model and gradually increases
with training, surpassing 0.70 around model 480. From model 500 onwards, SSIM values
remain stable at approximately 0.701, with the highest value (0.7019) recorded for model
500. This plateau suggests that the model has reached convergence in terms of structural
fidelity. The consistent performance observed beyond model 500 indicates that additional
training offers limited gains in perceptual similarity, making this stage a suitable point for
model selection based on SSIM.

The average PSNR values exhibit a clear upward trend as training progresses, reflecting
an overall improvement in image quality and a reduction in reconstruction noise. As
illustrated in Figure 2b, the initial model reaches a PSNR of 29.832 dB, which steadily
increases across subsequent models. A noticeable jump occurs around model 460, where
PSNR surpasses 30 dB, and continues to rise until it peaks at 30.203 dB in model 570. These
results suggest that model 570 offers the best compromise in terms of signal-to-noise ratio,
with minimal gains observed in later models.

The RMSE values exhibit a steady decline throughout the training process, indicating
a continuous reduction in the prediction error of the estimated NIR images. As shown in
Figure 2c, the initial model has the highest RMSE at 8.2264, followed by a gradual decrease
across subsequent models. A marked drop occurs around model 460, where RMSE falls
below 8.0, and continues to improve until it reaches its lowest point at model 570 with an
RMSE of 7.8832. Beyond this point, RMSE values remain nearly constant, suggesting that
the model has reached error convergence.

The PCC results, shown in Figure 2d, demonstrate a steady improvement throughout
the training process. Starting at 0.6331 for model 1, the values gradually increase, reaching
0.667 by model 460. From that point onward, a sharper rise is observed, followed by a sta-
bilization above 0.67. The highest value is observed at model 500 (0.6726), closely followed
by models 530 (0.6724) and 580 (0.6721). This plateau suggests that the model has reached
its peak capacity for capturing linear correlations between the estimated NIR images and
the ground truth. Beyond this stage, additional training does not yield significant gains.
These results highlight a consistent enhancement in correlation performance, with models
around iteration 500 showing the most reliable outcomes in terms of PCC.



Technologies 2025, 13, 569

8 of 19

0.71

0.70

Average SSIM
o S o
2 8 8

o
@
>

302

w
S
.

Average PSNR
8

)
0
©
.
.
.

QMO QOO0 D D0 QOO O N OO DO OO0 QOO0 OAODD R Qa0 Q00O
AU S S g e A AN WP RO R QRGP FFREE P
Model Model
(a) (b)
8.2 0.67 C} B *
.
. .
" .
) Q 066
St 8
e ° .
.
2 T 065 .
& 2 :
050 z
< )
0.64
.
-
79 .

N

CONO NN DO DD Qa0 QOO D N OO XN OO0 O D Q00O
WP R WP DR QG P F RGP RS NS O G Sl O S PN S AN
Model Model

(0) (d)

Figure 2. Quantitative Evaluation Metrics (average): (a) SSIM, (b) PSNR, (c) RMSE, (d) PCC. The
dot and dashed lines represent the model with the best performance across the evaluation metrics

and models indexed from 2 to 370 are not shown in detail in the figure, as they were excluded due to
low performance.

3.2. Qualitative Analysis

To evaluate the performance of the models in estimating NIR images from RGB inputs,
a qualitative analysis is presented. Figure 3a,b display a visual reference consisting of an
RGB image and its corresponding NIR ground truth, both selected from the test dataset.
The NIR images correspond to a spectral band centered around 860 nm, consistent with the
near-infrared range captured by the sensor used in this study.

Model 1 serves as the initial baseline in our training pipeline for estimating NIR images
from RGB inputs. Quantitatively, this model exhibits suboptimal performance metrics,
with an SSIM of 0.6663, PSNR of 29.832, RMSE of 8.2264, and a PCC of 0.6331. These
values reflect significant discrepancies between the predicted and ground truth NIR images.
Qualitatively, the NIR image estimated by Model 1, shown in Figure 3¢, contains noticeable
artifacts [36] that affect the overall image quality.

The NIR image estimated by Model 500, presented in Figure 4a, exhibits some no-
ticeable artifacts despite its improved quantitative performance. These artifacts indicate
that, while the model better captures the overall spectral characteristics and structural

details compared to other versions, it has not fully eliminated the visual distortions in the
predicted images.
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(o)

Figure 3. (a) RGB real test image; (b) NIR real test image; (c) NIR image estimate using model 1.

(9 (d)
Figure 4. NIR image estimated using: (a) model 500; (b) model 570; (c) model 460; (d) model 410.

The NIR image estimated by Model 570, shown in Figure 4b, demonstrates good
quantitative performance, particularly with a high PSNR of 30.203. However, despite these
promising metrics, the image still contains noticeable artifacts. This suggests that although
Model 570 improves signal quality, it does not entirely overcome the visual distortions
present in the estimated NIR images.
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Starting from model 460, a noticeable positive shift in quantitative performance is
observed across all metrics, as detailed in the previous analysis. This improvement con-
tinues through models 500 and 570, with the latter achieving peak PSNR and minimal
RMSE. Despite these advances, the NIR image estimated by Model 460, shown in Figure 4c,
still exhibits artifacts, although these are less perceptible compared to those produced by
models 500 and 570.

The NIR image estimated by Model 410, shown in Figure 4d, does not exhibit notice-
able artifacts, distinguishing it from models 460, 500, and 570. Quantitatively, Model 410
achieves an SSIM of 0.6873, PSNR of 29.917, RMSE of 8.1458, and PCC of 0.6565. While these
metrics reflect a positive trend compared to earlier models, the differences with models 460,
500, and 570 are relatively small, indicating incremental improvements in structural simi-
larity, signal quality, and reconstruction accuracy. This suggests that although Model 410
performs well without visible artifacts, subsequent models provide modest enhancements
in quantitative metrics at the cost of introducing some visual distortions.

3.3. Analysis of Model 410 Performance

Table 3 presents the descriptive statistics for Model 410 across all evaluation metrics.
The quantitative evaluation of Model 410 across 229 images demonstrates consistent per-
formance in terms of structural similarity, peak signal-to-noise ratio, and error metrics. The
SSIM values show a mean of 0.6873 (SD = 0.0543), indicating moderate to high structural
similarity between the estimated and ground truth NIR images. The interquartile range
(Q1 =0.6530, Q3 = 0.7248) suggests that most images achieve SSIM values close to 0.70,
with a maximum of 0.8037 reflecting strong structural fidelity in the best cases.

Table 3. Descriptive Statistics for Model 410 (n = 229 images).

Metric Mean Std. Dev. Min 01 Median Q3 Max
SSIM 0.6873 0.0543 0.5615 0.6530 0.6975 0.7248 0.8037
PSNR 29.92 0.2907 29.22 29.70 29.91 30.05 30.99
RMSE 8.146 0.2698 7.193 8.016 8.145 8.349 8.820

PCC 0.6565 0.0625 0.5107 0.6172 0.6689 0.6989 0.7886

Additionally, the trend observed in Figure 5a illustrates the variation in SSIM values
across the 229 evaluated images. While the overall distribution remains concentrated
around 0.70, the plot reveals localized fluctuations, with certain sequences presenting
higher structural similarity peaks (close to 0.80) and others exhibiting noticeable drops
near 0.55. These variations suggest that although the model generally maintains structural
fidelity, its performance is sensitive to specific image characteristics or regions within the
dataset. Notably, the consistency in mid-range values aligns with the interquartile range
reported in Table 3, confirming that most images retain a moderate to high degree of
structural similarity despite these isolated deviations.

As shown in Table 3, the PSNR values for Model 410 display a mean of 29.92 dB
(SD = 0.2907), with a range from 29.22 to 30.99 dB, indicating consistent reconstruction
quality across the dataset. Figure 5b illustrates the PSNR evolution for all 229 images,
highlighting that most images cluster closely around the mean, while occasional peaks and
dips represent slightly higher or lower reconstruction fidelity. Overall, the plot confirms the
model’s stability, demonstrating that the predicted images maintain low distortion relative
to the original NIR references across the entire set.
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Figure 5. Performance metrics for Model 410 across 229 evaluated images: (a) SSIM, (b) PSNR,
(c) RMSE, and (d) PPC.

The trend observed in Figure 5c¢ illustrates the variation in RMSE values across the
229 evaluated images. While the overall distribution is concentrated around the mean of
8.146, the plot reveals moderate fluctuations in error values across the images. The RMSE
values remain relatively consistent, with a minimum of 7.193 and a maximum of 8.820,
suggesting that the model’s performance is fairly stable throughout the dataset. These
variations, while present, are not extreme, indicating that the reconstruction errors are
generally uniform across most images.

The limited range of RMSE values suggests that the model exhibits consistent perfor-
mance across different image types, with only slight variations in error magnitude. The
plot further reveals that while certain images are reconstructed with slightly lower RMSE,
others show a modest increase in error, reflecting the model’s sensitivity to specific image
characteristics. The overall stability of the RMSE values aligns with the interquartile range
reported in Table 3, confirming that most images retain relatively similar reconstruction
accuracy, with only minor deviations from the mean. The model appears to maintain a
reliable level of performance across the dataset, with variations largely falling within an
acceptable range.

Finally, Table 3 shows that the PCC averages 0.6565 (SD = 0.0625), demonstrating a
moderate positive correlation between predicted and actual NIR intensities. The minimum
value of 0.5107 indicates that there are some cases with relatively weaker correlations,
suggesting that certain images pose more challenges for the model. However, the upper
quartile (Q3 = 0.6989) and maximum (0.7886) highlight that a substantial portion of the
dataset exhibits a strong positive correlation between the predicted and actual values.

This trend is further corroborated by Figure 5d, which visually represents the fluctu-
ations in PCC across the 229 images. The plot shows that while there are some instances
with lower PCC values around 0.55, the majority of images exhibit PCC values closer to the
upper quartile, with several reaching values above 0.75. These fluctuations are relatively
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modest, indicating a generally stable performance across the dataset, where most images
maintain a moderate to strong correlation between the predicted and actual intensities.

3.4. Cross-Year Validation

To assess the temporal robustness of the model and its ability to generalize across
acquisition periods, a cross-year validation was conducted. In this analysis, the model was
trained on the 1014 paired images collected in 2024 and evaluated on the 507 images acquired
in 2025, allowing the effect of inter-annual variation to be independently examined.

The summary statistics obtained from the cross-year validation are presented in Table 4.
Overall, the model exhibited moderate performance when evaluated on the 507 images
acquired in 2025, with an average SSIM of 0.5637 and a PSNR of 23.621 dB. The RMSE
showed a mean value of 16.938, while the PCC averaged 0.5258, indicating limited but
consistent pixel-level agreement with the ground-truth NIR images. The distributional
metrics (Q1, median, and Q3) further reveal stable central tendencies across all measures,
although a wider spread was observed in RMSE and PSNR, reflecting increased variation
in reconstruction accuracy under the 2025 acquisition conditions.

Table 4. Descriptive Statistics Cross-Year Validation.

Metric Mean Std. Dev. Min Q1 Median Q3 Max
SSIM 0.5637 0.0603 0.2806 0.5430 0.5691 0.6034 0.6751
PSNR 23.621 1.0471 19.559 23.447 23.811 24.076 25.328
RMSE 16.938 2.2798 13.807 15.948 16.442 17.151 26.825
PCC 0.5258 0.0655 0.2300 0.4971 0.5283 0.5676 0.6521

These results indicate that the model retains part of its predictive capability when
transferred to a different acquisition year, but with noticeable degradation relative to
the within-year evaluation. The lower SSIM and PCC values suggest reduced structural
and correlational fidelity, while the drop in PSNR and the higher RMSE reflect increased
reconstruction error driven by inter-annual variability in scene characteristics. Although
performance remains coherent across the dataset—as evidenced by the relatively narrow
interquartile ranges—the overall decrease in all four metrics highlights the sensitivity
of the RGB-to-NIR mapping to temporal domain shift, emphasizing the importance of
incorporating temporal diversity or adaptation strategies in future model extensions.

The per-image evolution of the four evaluation metrics provides additional insight into
the temporal behavior of the model under cross-year conditions. As shown in Figure 6a,d,
the SSIM and PCC curves display a consistent upward trend during the initial portion of
the test sequence, followed by a stabilization phase in which values oscillate around their
respective means. Although occasional drops appear, these isolated fluctuations do not
disrupt the overall pattern of moderate structural correspondence between the synthetic
and reference NIR images. Similarly, the PSNR distribution exhibits localized decreases
associated with specific image groups, while the majority of the predictions cluster near
the global mean reported in Table 4, confirming that the degradation is not uniform across
the dataset but concentrated in subsets of more challenging scenes.

The RMSE profile further reinforces this behavior, with a dominant region of stable
error levels interspersed with pronounced peaks. These high-error instances correspond
to abrupt deviations in PSNR and coincide with low PCC and SSIM values, suggesting
the presence of acquisition conditions or scene characteristics in 2025 that differ substan-
tially from the 2024 training data. Despite these peaks, the central tendency of RMSE
remains relatively compact, aligned with the interquartile ranges previously reported.
Taken together, the graphical patterns support the statistical findings by illustrating that
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performance degradation under cross-year evaluation is driven not by a systematic collapse

of the model, but rather by specific image subsets where inter-annual domain shift is

more pronounced.
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Figure 6. Performance metrics for cross-year validation: (a) SSIM, (b) PSNR, (c) RMSE, and (d) PPC.

4. Discussion

Based on the joint analysis of SSIM, PSNR, RMSE, and PCC metrics across all models
(Figure 2), a clear convergence trend is observed, with performance improvements stabiliz-

ing after model 460. SSIM steadily increases throughout training, with values surpassing
0.70 from model 480 onward and peaking at model 500 (0.7019). Similarly, PSNR improves
from 29.83 (model 1) to over 30.20, reaching its maximum at model 570 (30.203). In terms of
RMSE, which measures reconstruction error, values progressively decreased from 8.2264 to

a minimum of 7.8832 at model 570, indicating a reduction in pixel-level deviation. PCC,

reflecting linear correlation with the ground truth, also stabilizes above 0.67 after model

460, reaching a peak of 0.6726 at model 500.

When evaluating these trends collectively, model 500 emerges as the most balanced
candidate. It achieves a high SSIM (0.7019), a strong PSNR (30.1857), low RMSE (7.8989),
and the highest PCC (0.6726). While a few later models (e.g., 570 or 580) show very similar
values, the marginal gains are minimal and do not justify further training in terms of

performance improvement. Thus, model 500 is recommended as the most balanced model,

providing the best trade-off between structural similarity, signal quality, reconstruction

accuracy, and correlation fidelity.

Qualitative analysis highlights a complex relationship between quantitative perfor-

mance metrics and the perceptual quality of the estimated NIR images. While Model 1
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establishes a baseline with relatively poor results, subsequent models such as 460, 500, and
570 exhibit steady improvements in SSIM, PSNR, RMSE, and PCC. However, these gains
come at the expense of persistent visual artifacts that compromise the overall fidelity of
the reconstructed images. Notably, Model 410 achieves a balanced outcome by delivering
artifact-free results, despite only modest improvements in quantitative scores compared
to later models. This contrast suggests that higher numerical performance does not neces-
sarily guarantee superior perceptual quality, underscoring the importance of considering
both objective metrics and visual assessment when evaluating model performance for NIR
image estimation.

The evaluation of Model 410 underscores its stability and reliability across the dataset,
with consistent performance observed in SSIM, PSNR, RMSE, and PCC metrics. Although
structural similarity values indicate moderate to high fidelity (mean SSIM =~ 0.69), localized
fluctuations reveal that performance can vary depending on image-specific characteristics.
Similarly, PSNR results demonstrate stable reconstruction quality, with minimal variance
around 30 dB, while RMSE values remain within a narrow range, suggesting uniform
reconstruction accuracy across most images. The moderate positive correlations captured
by PCC further highlight that, despite some cases of weaker alignment between predicted
and ground-truth intensities, the majority of images exhibit strong spectral consistency.
Collectively, these findings suggest that Model 410 achieves a balanced trade-off between
structural fidelity and reconstruction stability, offering robust performance without extreme
deviations, although sensitivity to certain image features remains a limiting factor.

In the specific case of pineapple, several factors make NIR synthesis particularly
difficult compared to other crops. Pineapple plants form a rosette-shaped structure with
long, rigid, and highly overlapping leaves that introduce strong geometric occlusions and
self-shading effects. These intertwined leaves generate abrupt transitions in reflectance and
heterogeneous textural patterns, complicating the modeling of RGB and NIR relationships.
In addition, pineapple exhibits pronounced spectral variability in different parts of the
plant—young leaves, mature leaves, and senescent tissues often coexist within the same
frame—resulting in greater intraclass variation than is typically observed in more homoge-
neous crops. The crop also grows at different heights throughout the plantation, producing
irregular canopy surfaces that further affect light distribution and the resulting NIR signal.
These spatial and spectral complexities differ such as rice [37] or wheat [38], whose canopy
is typically slightly more homogeneous and has consistent reflectance patterns, which facil-
itate NIR synthesis. Consequently, NIR synthesis for pineapple inherently demands greater
robustness against structural discontinuities, localized shadows, and spectrum-altering
leaf orientations, making it a substantially more difficult target for RGB-based spectral
translation than many temperate or uniformly fielded crops.

Cross-year evaluation further highlights the sensitivity of RGB-to-NIR translation
to temporal domain shift in pineapple crops. When the model trained with 2024 images
was tested on the 2025 subset, all metrics showed a consistent decline (SSIM = 0.5637,
PSNR = 23.621 dB, RMSE = 16.938, PCC = 0.5258). Overall, the inter-year analysis shows
that, although the model maintains partial predictive power, future extensions should
incorporate temporal diversification or adaptation strategies to improve robustness under
multi-temporal operating conditions.

From an application standpoint, the proposed RGB-to-NIR translation framework
could reduce reliance on specialized multispectral sensors in small- and medium-sized
farms. Synthetic NIR maps generated from low-cost RGB images can facilitate the calcula-
tion of vegetation indices and yield estimation. Consequently, the synthetic generation of
NIR from RGB images has the potential to democratize access to spectral data, especially in
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developing regions, by turning any low-cost RGB sensor into a useful tool for data-driven
agronomic analysis.

5. Conclusions

This study demonstrates the feasibility of generating synthetic NIR images at a resolu-
tion of 2592 x 1944 pixels of pineapple crops from standard RGB drone imagery using the
Pix2PixHD framework. Among the trained models, model 410 was selected as the most
suitable candidate due to its ability to deliver artifact-free outputs while maintaining consis-
tent quantitative performance across all evaluation metrics. Although subsequent models
(460-580) achieved slightly higher SSIM, PSNR, and RMSE values, these improvements
were accompanied by visible artifacts that compromised perceptual quality. The choice of
Model 410 therefore highlights the importance of balancing numerical performance with
visual fidelity when applying deep learning models to agricultural imaging. Importantly,
our results suggest that reliable and spectrally accurate NIR data can be generated without
costly multispectral equipment, laying the groundwork for future advances in digital crop
monitoring, sustainability, and smart agriculture technologies by reducing operating costs
and expanding accessibility to precision agriculture. These synthetic NIR images enable
advanced applications such as vegetation segmentation and crop health monitoring, under-
scoring the potential of deep learning-based image translation to support sustainable and
data-driven farming practices. In summary, this study bridges the gap between affordable
RGB imaging and high-value NIR information, laying the foundation for the next genera-
tion of low-cost, intelligent sensing systems in precision agriculture. Future research should
focus on further reducing residual distortions, extending the model’s generalization to
different crops and environments, incorporating cross-validation by year, and integrating
the approach into real-time drone-based monitoring systems to maximize its practical
utility. In addition, the cross-year validation performed in this study provides evidence of
the model’s partial temporal robustness while also exposing its sensitivity to inter-annual
variation. The reduction in SSIM, PSNR, PCC and the increase in RMSE when transferring
from 2024 to 2025 images underscores the need to incorporate multi-season samples or
domain-adaptation mechanisms in future work. These findings highlight that, while the
proposed Pix2PixHD-based framework can generate reliable NIR imagery from RGB data
within the same acquisition period, improving temporal generalization is a key direction
for enhancing operational deployment in real agricultural environments.
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Appendix A

Algorithm A1. Training Pix2pixHD for RGB to NIR Image Translation

Step by step

Require: Dataset of image pairs (x, y) where x is RBG and y is NIR

Require: Generator G; with its parameters 0_G

Require: Multi-scale discriminator D = {D;, D,} with its parameters 6_D
Require: Opt_G and Opt_D optimizers (Adam) and their learning rate ng, np
Require: Loss functions L_GAN, L_L1, L VGG, L_Feat

Require: Hyperparameters A_l1, A_feat, A_vgg

Require: Number of epochs N, batch size B

1. forepoch=1toNdo
2. for each mini-batch (x, y) of size B do
3. / /Discriminator Update Phase: The Generator only produces; it does not learn in this phase.
4. Generate false image: ¥ = G(x)
5. Freeze Generator: Disable gradient calculation for 6_G
6. Calculate loss in real pairs: L_D_real = D(x, y)/ /D must classify it as “real”.
7. Calculate loss in fake pairs: L_D_fake = D(x, §.detach())
8. Total Discriminator Loss: L_D_total = (L_D_real + L_D_fake) * 0.5
9. / /Update weights of D:
10. Opt_D.zero_grad()/ /Clear previous gradients of D
11. L_D_total.backward()/ /Calculate gradients for D
12. Opt_D.step() //Apply update a 6_D
13. / /Generator Update Phase: The Discriminator only judges, he does not learn in this phase.
14. Freeze Discriminator: Disable gradient calculation for 8_D
15. Loss GAN: L_GAN = D(x, §)//G wants D to classify § as “real”.
16. L1 =L_L1(y, y)/ /Pixel-to-pixel similarity
17. LVGG = L_VGG(Y, y)/ /Perceptual similarity
18. L_Feat = L_Feat(D(x, ), D(x, y)//Similarity of internal characteristics of D
19. Total Generator Loss: L_G_total = L_GAN + A_11*L1 + A_vgg*LVGG + A_feat*L_Feat
20. / /Update weights of G:
21. Opt_G.zero_grad()/ /Clear previous gradients of G
22. L_G_total.backward()/ /Calculate gradients for G
23. Opt_G.step()/ /Apply update a 0_G
24. end for
25.  end for

Appendix B
Appendix B.1. GAN Loss

We use LSGAN, a more stable variant of the traditional GAN loss function, which
replaces the cross-entropy loss function with the mean squared error. This variant defines
two equations: one for the discriminator and one for the generator, as shown below:

Laan(D) = 5Ey) [(D0xy) ~17] + SB[ (D(x, G(x)))] (A1)

Loan(G) = %]EX [(D(x,G(x)) —12] (A2)
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where E denotes the expected value, D(x, y) is the output for a real pair, and D(x, G(x)) is
the discriminator output for a generated pair.

Appendix B.2. L1-Loss

It is a direct reconstruction loss that forces the generator to create images that are
structurally similar to the real image, pixel by pixel. This helps reduce blurring and ensures
that the overall content of the image generated is correct. The following equation can define
this process:

L11 (G) = IE“(x,y) [HY - G(x)

1] (A3)

where Hy — Gy

v or L1 norm is the sum of the absolute differences between each pixel of
the real image and the generated image.

Appendix B.3. VGG Loss

It measures the similarity between images on a perceptual level, using a pre-trained
VGG19 network [3], in order to generate images with textures and content that are visually
similar to the real image, resulting in a more realistic image to the human eye. The VGG
Loss is formulated as follows:

M1
£vas(@) = & o LRI (Ad)

where ¢ is the VGG19 network, only used to extract features, ¢; is the feature map of
the j-th layer, M refers to the number of VGG layers used in the comparison and N to the
number of elements in the feature map of the j-th layer.

Appendix B.4. Feature Matching Loss

K T
LrealG,D) = 12 1% i[O 0xy) D 600 (a5)

—1t=
where Lge,t(G, D) is the final loss function that depends on both the generator (G) and
the discriminator (D). It is computed as the sum over K discriminators in the multi-scale
architecture and over T intermediate layers of the discriminator from which the feature
maps are extracted. DI(? (x,y) Represents the output feature map of the i-th layer of the k-th
discriminator, x is the input RGB image, y is the real NIR image, G(x) is the generated NIR
image, ||.||; denotes the L1 norm to calculate the absolute element-wise distance between
the feature maps. Finally, 1/Nj is the normalization factor where N; is the total number of
elements in the feature map of the i-th layer.
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