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Abstract

Rapid and non-destructive identification of oilseed rape varieties and prediction of leaf
Soil Plant Analysis Development (SPAD) value and water content are important for variety
evaluation and plant-status monitoring. However, hyperspectral prediction is constrained
by small sample size, costly reference measurements, and acquisition-batch differences.
Samples were collected over four consecutive days. Day 1 samples were used for train-
ing and Wasserstein generative adversarial network with gradient penalty (WGAN-GP)
generation. For Days 24, 20% of the samples from each day were combined to form a
selection-validation set, while the remaining 80% were retained separately as Test sets
1-3. The improved WGAN-GP integrated principal component analysis—Gaussian mix-
ture model (PCA-GMM)-based class assignment, a partial least squares regression (PLSR)
consistency loss, physicochemical distribution control, and generated-sample selection.
Under single-task modeling, the improved framework enhanced all three tasks across the
test sets. On Test set 3, variety accuracy increased from 0.4672 to 0.6100, SPAD root mean
square error of prediction (RMSEP) decreased from 6.2201 to 4.6303, and the water-content
test-set correlation coefficient (rp) increased from 0.6803 to 0.7842. The improved multi-task
model also enhanced all three tasks. These findings support the framework within the
investigated three-variety, four-day leaf setting.
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1. Introduction

Oilseed rape (Brassica napus L.) is a Brassica crop with high economic value, serving as
a vegetable, ornamental plant, and important source of edible oil [1]. With the development
of modern breeding technologies, oilseed rape breeding has made substantial progress.
Breeding targets are ultimately reflected in phenotypic traits, such as ornamental color,
disease and insect resistance, yield, and quality-related indicators [2]. Accurate and efficient
phenotypic evaluation is therefore essential for variety selection and breeding improve-
ment [3]. In addition, high-throughput phenotypic monitoring during plant growth can
support more precise crop management.

With advances in sensing technologies, the high-throughput acquisition and analysis
of plant phenotypes using different sensors have become an important research direction
in plant phenotyping [4-7]. Hyperspectral imaging, which integrates spectral and imaging
information, can simultaneously capture spectral responses and spatial features of target
samples. Combined with machine learning and deep learning methods, hyperspectral
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imaging has been widely used in plant variety identification, physiological and biochemical
trait detection, and biotic and abiotic stress phenotyping [8-10].

Hyperspectral images are three-dimensional data cubes with high dimensionality and
large data volume, requiring suitable data processing and modeling strategies [11,12]. Pre-
vious studies have commonly used machine learning and deep learning methods to analyze
spectral data extracted from hyperspectral images for plant phenotypic detection [12-14].
However, most spectral modeling studies have focused on single-task prediction. Even
when multiple phenotypic traits are measured from the same samples, separate models are
usually established for different tasks [15,16]. Since visible/near-infrared spectra contain
integrated information related to multiple sample properties, a single spectrum can poten-
tially support several prediction tasks. Multi-task learning provides an effective strategy
to use shared spectral information for the simultaneous prediction of multiple traits, and
has been applied in several visible/near-infrared spectral studies [17,18]. For plants, one
spectral profile may correspond to multiple phenotypic characteristics, making multi-task
learning suitable for simultaneous phenotypic detection.

Although hyperspectral imaging greatly improves phenotyping efficiency compared
to manual measurement, the sample size in practical plant phenotyping studies is often
limited by sample preparation and low-throughput reference measurements. Moreover,
plant growth is dynamic and affected by genotype, individual variation, environmen-
tal conditions, acquisition batches, and instrument responses [18,19]. These factors may
weaken the generalization ability of models built from a single batch of samples [20].
Despite such differences, visible /near-infrared spectral responses related to plant physico-
chemical traits may still share certain common patterns across species, growth stages, and
acquisition batches.

With the rapid development of artificial intelligence, generative models have been
widely used to synthesize data in different modalities, including text, images, and videos.
Generative adversarial networks (GANSs) are representative generative models consisting
of a generator and a discriminator. The generator produces synthetic data, while the dis-
criminator distinguishes real samples from generated ones. Through adversarial training,
the generator gradually learns to produce samples that are difficult for the discriminator
to distinguish. Several improved GAN models have been developed, including DCGAN,
CGAN, ACGAN, WGAN, and WGAN-GP [21,22]. In spectral analysis, GAN-based meth-
ods have also been introduced for spectral data generation, and improved variants have
been proposed to generate higher-quality synthetic spectra for different research pur-
poses [23-25]. Among these methods, WGAN-GP has attracted attention because of its
stable training process, gradient-penalty-based mitigation of mode collapse, and robustness
to hyperparameter settings. It has also been explored in spectral data augmentation.

Most GAN-based spectral data generation studies focus on a single classification or
regression task, and the generated data are mainly used for single-task modeling. However,
synthetic data generated for one task may not be directly applicable to other tasks mea-
sured from the same samples. For plant phenotyping, one spectrum usually corresponds
to several phenotypic traits. Therefore, generating data that can support simultaneous
multi-trait detection is important for spectral-based plant phenotyping. Although a few
studies have reported multi-task spectral data generation [26,27], research involving both
classification and regression targets remains limited. Limited attention has been given to
constructing a unified spectral sample that contains one discrete class target and multiple
continuous physiological targets and can be directly used for simultaneous classification
and regression within a single multi-output model. In this study, oilseed rape variety, water
content, and SPAD value were predicted simultaneously, involving one classification task
and two regression tasks.
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Existing GAN-based spectral augmentation studies have demonstrated the feasibility
of generating synthetic data from available datasets. However, generated samples often
remain strongly dependent on the distribution of the original training data, and their diver-
sity and usefulness under different acquisition conditions remain insufficiently examined.
Therefore, generating diverse samples that can effectively complement the original training
distribution remains an important issue.

In this study, hyperspectral imaging was combined with WGAN-GP to detect oilseed
rape leaf variety, water content, and SPAD value. Hyperspectral images of three oilseed
rape varieties were collected continuously over four days, and water content and SPAD
values were measured. The contribution of this study is a spectral augmentation frame-
work for multi-phenotypic prediction using data collected over four consecutive days.
The main objectives were as follows: (1) to establish partial least squares-based classifica-
tion and regression models using Day 1 samples as the training set and to evaluate their
performance on Test sets 1-3 constructed from the samples collected on Days 2—4; (2) to
establish a unified spectral generation and Principal Component Analysis-Gaussian Mix-
ture Model (PCA-GMM) soft-labeling strategy for single-task classification, which enables
the generation of spectra for all three varieties via a single WGAN-GP model trained on
first-day samples; (3) to construct a WGAN-GP framework for single-task regression, a
fixed partial least squares regression (PLSR) consistency constraint is incorporated into
regression-oriented spectral generation to maintain consistent mapping between generated
spectra and physicochemical labels, while an auxiliary distribution constraint is introduced
to expand phenotypic coverage; (4) to establish a multi-task spectral generation pipeline to
generate unified paired samples integrated with spectra, SPAD values, leaf water content
and variety labels for joint classification and regression tasks.

2. Materials and Methods

2.1. Sample Preparation and Sampling Design

The oilseed rape samples consisted of three varieties: Zheyou 50, OM43-3, and OM42-3.
The plants were sown in November 2025 in the experimental field of the Huzhou Academy
of Agricultural Sciences, Zhejiang Province, China, and leaves were collected at the seedling
stage in January 2026. Each variety was grown in three separate experimental plots. Each
plot covered approximately 20 m? and contained approximately 650 plants. The plots of
the three varieties were located adjacent to one another, and all plants were subjected to the
same routine field-management practices.

Leaf sampling was conducted over four consecutive days. On each day, intact and
healthy leaves were randomly selected from the available plants, without imposing a fixed
leaf orientation during subsequent imaging. One leaf was collected from each plant, and no
plant was sampled more than once during the four-day experiment. Therefore, the leaves
collected on different days originated from different plants. Immediately after detachment,
each leaf was placed in an insulated box containing ice packs and transported to the
laboratory. The same collection, transportation, imaging, and measurement procedures
were applied on all four days. Hyperspectral image acquisition, fresh weight measurement,
and SPAD measurement were performed on the same day as the sample collection. The
experiment was conducted over four consecutive days, and the daily sample numbers are
listed in Table 1.
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Table 1. Record table of the number of original samples collected.

Day 1 Day 2 Day 3 Day 4 Total
Class 0 130 120 120 118 488
Class 1 122 128 122 118 490
Class 2 124 120 122 116 482
Total 376 368 364 352 1460

After hyperspectral image acquisition, the SPAD value and water content of each leaf
were measured to establish the corresponding phenotypic reference values.

2.2. Hyperspectral Image Acquisition and Spectral Preprocessing

Hyperspectral images were acquired using an FX17 near-infrared hyperspectral cam-
era (Specim, Spectral Imaging Ltd., Oulu, Finland) equipped with an OLET17.5 lens. The
nominal spectral range of the camera was 900-1700 nm, and its spectral resolution was
8 nm. The effective detector pixel size was 18.7 um. Image acquisition was controlled using
Lumo Scanner 2020 software.

IMlumination was provided by two symmetrically arranged groups of halogen lamps
positioned on both sides of the camera. Each group consisted of three 35 W lamps. The
distance between each lamp group and the camera was 20 cm, the vertical distance between
the lower edge of the lamps and the moving platform was 22 cm, and the illumination angle
was approximately 45°. The camera-to-sample distance was fixed at 31.4 cm. The camera
exposure time was set to 8.26 ms, and the platform scanning speed was 24.7 mm s~! to
minimize geometric distortion.

Before image acquisition, the camera and halogen lamps were switched on and al-
lowed to stabilize for 15 min. During imaging, the leaves were randomly oriented on the
moving platform and arranged without contact. Because the entire leaf was included in the
hyperspectral image, no fixed leaf-placement direction was imposed.

To improve image quality and reduce the effects of dark current and illumination
variation, the raw hyperspectral images were corrected using white and dark reference
images. The corrected image was calculated in Equation (1).

I-D
R =
W-—-D

1)

where R is the corrected image, I is the raw image, D is the dark reference image, and W is
the white reference image.

After hyperspectral image acquisition, spectral data were extracted for each oilseed
rape leaf. Background pixels were removed using threshold segmentation, and connected-
component labeling was then applied to identify individual leaf regions. Pixels with adja-
cent positions and gray-level characteristics corresponding to leaf samples were grouped
to construct the region of interest (ROI) for each sample. The average spectrum of all pixels
within each ROI was calculated to represent the spectral information of the corresponding
leaf and used as the raw spectrum for subsequent analysis.

To reduce noise at the spectral edges, the first and last 12 bands were removed,
and 200 middle bands ranging from 943 to 1657 nm were retained. To improve spectral
stability and modeling performance, the raw spectra were preprocessed using seven-point
moving average smoothing and standard normal variate (SNV) transformation [28]. The
moving average smoothing was used to reduce random noise caused by the imaging
system and environmental disturbance while preserving the overall spectral profile. SNV
was applied to each individual spectrum to reduce the effects of surface variation, light
scattering, and baseline drift, thereby improving spectral comparability among samples [28].
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Accordingly, the spectral curves presented in the subsequent analysis represent SNV-
transformed spectral values rather than physical reflectance. Figure 1 shows the overall
workflow of spectral extraction and preprocessing.
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Figure 1. (A) Pseudo-color image (formed by grayscale images at wavelengths 1078 nm, 1340 nm and

1606 nm) in the hyperspectral images, (B) Hyperspectral imaging system, (C) Hyperspectral cube
image, (D) Spectral curve of the sample and its label.

2.3. Reference Measurements

Variety label and physiological traits were measured immediately after hyperspectral
image acquisition. All measurements were conducted under light-avoiding conditions
following standard procedures. The label values of all samples collected each day were
measured on the same day, and sample IDs were kept consistent throughout the process to
ensure one-to-one correspondence between spectral data and physicochemical traits. The
variety names were provided by Huzhou Agricultural Science Research Institute. Zheyou
50, OM43-3, and OM42-3 were encoded as class labels 0, 1, and 2, respectively.

After the samples arrived at the laboratory, hyperspectral images were acquired first.
The fresh mass of each leaf was then measured immediately after image acquisition, with
an interval of less than 5 s between the completion of imaging and weighing. The SPAD
value was subsequently measured at five evenly distributed positions from the leaf tip to
the base using an SPAD-502 chlorophyll meter (Konica Minolta, Osaka, Japan), and the
mean of the five readings was used as the SPAD reference value [17]. Sample identifiers
were maintained throughout image acquisition and reference measurement to ensure one-
to-one correspondence among each spectrum, fresh mass, SPAD value, water content, and
variety label.

Fresh and dry masses were measured using a calibrated Sartorius BSA series balance
(Sartorius, Gottingen, Germany) with a capacity of 220 g, a readability of 1 mg, and a speci-
fied repeatability of 1 mg. Before formal measurements, a repeatability test was conducted
using six leaves. Each leaf was removed from and repositioned on the balance and weighed
three consecutive times. No variation was observed among the three displayed readings at
the balance readability. Based on this preliminary test, one fresh-mass and one dry-mass
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reading were recorded for each sample in the formal experiment. Following fresh-mass and
SPAD measurements, the leaves were dried in an oven at 75 °C for 8 h, after which their dry
masses were recorded using the same balance. The drying conditions were selected based
on a previous oilseed rape leaf study, in which a preliminary experiment was conducted by
weighing leaves after 2 h of drying and then at 30 min intervals. In that experiment, no
further mass change was observed after 4 h at 75 °C. The 8 h drying period used in the
present study therefore exceeded the previously validated minimum drying duration and
was adopted to ensure sufficient dehydration of the samples [29]. Leaf water content (WC)
was calculated in Equation (2).

_ FW—DW

WC W

x 100% (2)
where WC is the leaf water content, FW is the fresh weight, and DW is the dry weight.
This method estimates water content based on the proportion of water loss relative to fresh
weight and can effectively reflect the water status of oilseed rape leaves.

Finally, each leaf sample was assigned a complete dataset consisting of the reflectance
spectrum, SPAD value, water content, and class label. The SPAD value represented the
relative chlorophyll level, water content represented the leaf water status, and the class
label identified the oilseed rape variety. SPAD and water content were used as continuous
target variables for single-task regression and multi-task modeling, while class labels were
used as discrete targets for classification and multi-task modeling.

2.4. Outlier Sample Removal

To improve dataset reliability and reduce the influence of abnormal samples on subse-
quent modeling and generated data quality, outlier removal was performed before model
construction. First, outliers in SPAD and water content were removed using boxplot analy-
sis based on the interquartile range [30]. Then, principal component analysis (PCA) was
applied to extract the main spectral variation. PCA can compress high-dimensional and
highly collinear spectral variables into a few principal components while retaining the
major variance information, making it useful for identifying samples that deviate from
the overall distribution [31]. Based on the PCA results, Hotelling’s T? statistic was used
to evaluate the deviation in each sample in the principal component space, and spectral
outliers exceeding the 95% confidence limit were removed [32,33]. These criteria were
applied as fixed statistical quality-control rules and were not selected, adjusted, or opti-
mized according to subsequent model performance, generated-sample screening results, or
the performance of the selection-validation and test sets. The purpose of this procedure
was therefore to remove potentially abnormal measurements arising from experimental or
measurement variability rather than to improve the prediction results of a particular model.
Similar pre-modeling quality-control procedures for measured trait or spectral outliers
have also been adopted in previous spectroscopy and chemometric studies [34-36].

After two rounds of physicochemical outlier screening and PCA-based spectral outlier
removal, the descriptive statistics of the remaining samples for each day are shown in
Table 2. As shown in Table 2, the physicochemical traits of oilseed rape leaves changed
with acquisition time. The mean SPAD value decreased continuously from 50.57 on Day
1 to 45.93 on Day 4, showing a clear temporal trend. In contrast, the mean water content
remained relatively stable at approximately 86%, with low within-day variation, although
slight differences were still observed among acquisition batches.
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Table 2. Descriptive statistics for sample measurement (WC stands for water content).

Sample Range Mean Standard Deviation Range Mean Standard Deviation
Number (SPAD) (SPAD) (SPAD) (WQ) (WQ) (WQ)

Day 1 344 38.8-65.9 50.57 5.54 83.6-89.4 86.38 1.04

Day 2 347 37.1-62.7 49.21 5.01 82.5-89.0 86.13 1.25

Day 3 341 34.6-57.9 46.73 4.92 82.4-89.4 86.10 1.26

Day 4 324 35.6-57.6 4593 4.42 83.5-88.9 86.06 0.93

2.5. Improved WGAN-GP Algorithm

In this study, WGAN-GP was used as the basic generative framework. According
to the characteristics of oilseed rape leaf spectra and phenotypic prediction tasks, task-
specific data generation strategies were developed for single-task classification, single-
task regression, and multi-task prediction, providing augmented training samples for
subsequent spectral modeling.

2.5.1. Improved WGAN-GP for Single-Task Data Generation

The single-task phenotypic detection in this study included oilseed rape variety classi-
fication and regression prediction of SPAD and water content. For single-task classification,
the objective was to augment spectral samples for different varieties and improve the
classification model. Previous studies often generated class-specific samples by training
separate models for each class [23]. In this study;, all three classes were used together for
WGAN-GP-based spectral generation to reduce model complexity, and a PCA-GMM-based
soft labeling strategy was introduced to assign class labels to generated spectra. Specifically,
a PCA-GMM mapping model was first built using real spectra. PCA was used to project
the spectra into a low-dimensional feature space while retaining the main variance infor-
mation and reducing spectral redundancy [31]. Gaussian mixture model (GMM) clustering
was then performed, and the class proportion within each cluster was used to establish a
cluster—class probability mapping. For each generated spectrum, the sample was projected
into the same PCA space, and its posterior probabilities of belonging to different GMM
clusters were calculated. The final class probability was obtained by weighting the cluster
posterior probability with the corresponding class probability within each cluster. The
equation is shown in Equation (3).

K
P(elg) = X PlKlxg) PCelk) ©

=1
where K is the number of GMM clusters, P (k | x;) is the probability that the generated
sample belongs to the k-th cluster, and P(c | k) is the proportion of class ¢ within that cluster.
The class with the highest probability was assigned as the final label of the generated
sample. Compared to hard class mapping, this soft labeling strategy better represents
the uncertainty of samples near class boundaries and reduces the risk of incorrect label
assignment in subsequent classification modeling [37]. In this way, the generated samples

formed spectrum-—class label pairs for single-task classification.

Based on the spectral generation strategy for classification, an improved WGAN-
GP was further developed for single-task regression to simultaneously generate oilseed
rape leaf spectra and their corresponding continuous physicochemical values. Unlike
classification-oriented generation, regression-oriented generation needs to ensure not only
that the generated spectra are close to the real spectral distribution, but also that the
generated spectra and labels maintain a reasonable predictive relationship. Therefore, the
spectrum and one physicochemical indicator were jointly modeled in WGAN-GP, and
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PLSR consistency and physicochemical distribution constraints were introduced into the
generator loss to improve the usability of generated samples. Each real sample consisted of
200 spectral variables and one continuous target value. The target was the SPAD value for
SPAD prediction and water content for water content prediction. Since both targets were
continuous variables, the same regression generation framework was used, with only the
normalization parameters adjusted according to the physical range of each indicator.

The discriminator took either real or generated joint vectors as input. For the genera-
tor, the adversarial loss alone can encourage generated samples to approach the real data
distribution, but it cannot fully ensure a reasonable correspondence between generated
spectra and generated physicochemical values. Therefore, a pretrained PLSR model was
introduced as an auxiliary constraint. The PLSR model was first trained using real spectra
and their corresponding physicochemical values, with the optimal number of latent vari-
ables determined by cross-validation. During WGAN-GP training, the PLSR parameters
were fixed. The generated spectra were fed into the PLSR model to predict physicochemical
values, and a PLSR consistency loss was constructed to constrain the agreement between
generated spectra and labels. This reduced the occurrence of samples with realistic spectra
but mismatched labels. The PLSR consistency loss was defined in Equation (4).

Lprsr = MSE(R(X),y) 4)

where (R(+)) denotes the pretrained PLSR regressor, ¥ is the generated spectrum, and ¥ is
the generated physicochemical value.

In addition, a physicochemical distribution constraint (PDC) was designed to improve
label controllability and reduce excessive dependence on the range of a single training batch.
This constraint controlled the mean and standard deviation in generated labels within each
batch, allowing the generated samples to remain close to the training distribution while
expanding in a predefined direction. The loss was defined in Equation (5).

Lppc = (.”g - Plt)z + ((Tg - Ut)z 5)

where i, and 0y are the mean and standard deviation in generated physicochemical values
in the current batch, and y; and o; are the predefined target mean and standard deviation.
The physicochemical variables were mapped to the normalized interval [—1, 1] using
predefined physical ranges of 34-66 for SPAD and 80-90 for water content. Accordingly,
generated target values were mapped back to these physical ranges after inverse normal-
ization. Within this normalized space, the reference target mean and standard deviation
used in the PDC penalty were set to y; = —0.80 and o; = 0.80, respectively, for both SPAD
and water content. These values served as soft distributional reference targets rather than
statistical quantities that the generated samples were required to satisfy exactly. Specif-
ically, the negative target mean encouraged the generated labels toward the lower part
of the predefined physical range, whereas the relatively large target standard deviation
encouraged a broader label distribution.

Thus, the total generator loss for single-task regression consisted of three terms: the
WGAN adversarial loss, the PLSR consistency loss, and the physicochemical distribution
constraint. The loss was defined in Equation (6).

Lg = WygpLggo + wprsrLprsr +wppcLppc (6)

where Ly, = —E D(G(z))], and w,4,, wprsr, and wppc are the weights of the

z~pz(z) [
three loss terms, which were set to 0.8, 0.1, and 0.1, respectively. A higher weight was

assigned to the adversarial loss because the generator first needed to learn the overall
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(Only one phenotypic index selected for each single-task training)

distribution of real spectra. The PLSR consistency and distribution constraints were used as
auxiliary terms with smaller weights to avoid over-restricting the generator and reducing
sample diversity.

After training, random noise was input into the generator to obtain synthetic joint sam-
ples in the normalized space. The generated spectra and physicochemical values were then
inverse-normalized to the original scale. The improved WGAN-GP could generate spectra
close to the real distribution while strengthening the correspondence between spectra and
physicochemical values through the PLSR consistency constraint, thereby providing more
physically reasonable and predictive samples for single-task regression modeling.

Figure 2 illustrates the training process of the improved WGAN-GP for single-task
data generation.

Raw phenotypic indicator

L¢aav = —]Eprg [D(%)] (Classification-task)

Lc = WagvLaav + WprsrLpLsr + WppcLppc |(Regression-task)

6000
epochs

Fake Samples
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1 -
1 Varieties

1
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: Water content
[ I

Lp = Ez p,[D(®)] — Ex-p.[D()] + ALgp

l

i

| Generated Data
1

|

Figure 2. Schematic diagram of the WGAN-GP training framework for single-task learning.

2.5.2. Improved WGAN-GP for Multi-Task Data Generation

In single-task spectral data generation, the model mainly focuses on the relationship
between spectra and one physicochemical indicator. The SPAD value and water content are
continuous physiological variables, whereas variety is a discrete genetic category. Although
these targets have different biological meanings, they may share spectral information be-
cause genotype and leaf physiological status can jointly influence near-infrared reflectance.
Therefore, a multi-task framework was developed to use the common spectral representa-
tion for simultaneous variety classification and SPAD and water-content prediction.

For multi-task generation, each real sample consisted of 200 spectral variables, two con-
tinuous physicochemical indicators, and one class label. Since the class label was discrete,
directly generating it as a continuous output could lead to ambiguous class assignments.
Therefore, only the spectra, SPAD values, and water content were used as continuous joint
vectors during WGAN-GP training. The spectral variables were normalized to [—1, 1]
using Min—-Max normalization, while SPAD and water content were normalized according
to their physical ranges to reduce the influence of scale differences on model training.

In the network structure, the generator took random noise z as input and produced
a 202-dimensional joint vector through one-dimensional transposed convolution. The
first 200 dimensions represented the generated spectrum, and the last two dimensions
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represented the corresponding SPAD value and water content. The discriminator took
real or generated joint vectors as input, extracted joint features using one-dimensional
convolution, and output a Wasserstein score. Compared to WGAN-GP that generates
spectra only, this structure enabled the model to learn the relationship between spectral
features and continuous phenotypic traits within the same generation process, thereby
improving multi-task consistency.

To strengthen the consistency between generated spectra and the two continuous
traits, a multi-output PLSR (Multi-PLSR) model was introduced as an auxiliary constraint.
The PLSR consistency losses for SPAD and water content were calculated separately. In
addition, physicochemical distribution constraints were designed to expand the phenotypic
space of the original training data within a reasonable range. These constraints acted on
the generated SPAD and water content labels by controlling their means and standard
deviations, allowing the generated samples to maintain physical plausibility while covering
a broader distribution.

Based on this design, the PLSR consistency loss and physicochemical distribution
constraint were combined for each continuous task to construct the SPAD loss and water
content loss. The PLSR consistency loss was assigned the main weight to ensure the predic-
tive agreement between generated spectra and labels, while the distribution constraint was
assigned a smaller weight to moderately regulate the label distribution and avoid excessive
concentration within the original training range.

Finally, the total generator loss consisted of three terms: the WGAN adversarial loss,
the SPAD combined loss, and the water content combined loss. The loss was defined in
Equation (7).

LG = WagyLagy + wspapLspap + wweLlwe 7)

where L,;, = —E [D(G(z))], D(-) is the Wasserstein score output by the discriminator,
and G(z) is the generated joint sample. The SPAD and WC losses were calculated sepa-
rately using the same PLSR consistency and physicochemical distribution terms defined in
Equations (4) and (5). Consistent with single-task regression generation, a higher weight
was assigned to w4, to ensure that the generated spectra remained close to real spectra in
shape and distribution.

Since class labels are discrete variables, directly generating them as continuous outputs
in WGAN-GP may lead to unclear class boundaries and ambiguous class assignments.
Therefore, class labels were not directly output by the generator. Instead, after spectra and
continuous physicochemical values were generated, class labels were assigned using the
same PCA-GMM soft mapping strategy as in single-task classification.

Overall, the proposed multi-task improved WGAN-GP generated not only spectra
but also joint data reflecting the relationships among spectra, SPAD, water content, and
variety. WGAN-GP was used to maintain the overall distributional similarity between
real and generated spectra, while PLSR consistency and physicochemical distribution
constraints improved the reliability of generated continuous labels. Class labels were
further obtained through PCA-GMM soft mapping. The final generated data format was
“200-dimensional spectrum + SPAD + water content + class label”, which could be directly
used for training multi-task prediction models. This strategy was designed to alleviate
the limitation of small training datasets and improve the utility of generated samples for
subsequent phenotypic prediction.

Figure 3 shows the training process of the improved WGAN-GP for multi-task
data generation.
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L = WaaqvLaay + WspapLspap + Wwelwe
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SPAD

Water content

Figure 3. Schematic diagram of the WGAN-GP training framework for multi-task learning.

2.6. Dataset Partition and Generated-Sample Selection

The samples collected on Day 1 were used as the training set and as the real samples
for training the WGAN-GP models. After outlier removal, the samples collected on Days
2, 3, and 4 were separately divided into a selection-validation subset and a test subset
reserved for final evaluation at a ratio of 20:80.

For each acquisition day, dataset partitioning was performed within each variety using
the Kennard-Stone algorithm based on the Euclidean distances between standardized spec-
tral variables [38]. This procedure ensured that the 20% selection subset covered the major
spectral variations in the corresponding day while maintaining adequate representation
of all three varieties. The SPAD values and water-content measurements were not used
when calculating the Kennard-Stone distances. The three day-specific 20% subsets were
combined to form a selection-validation set containing 202 samples, while the remaining
278, 273, and 259 samples constituted Test sets 1, 2, and 3, respectively. No samples were
shared between the selection-validation set and any of the three test sets. For each task,
5000 candidate samples were first generated by the trained WGAN-GP and evaluated
sequentially according to their generation order. Starting from the first candidate, one
generated sample was temporarily added to the current training set, which consisted of
the original Day 1 samples and all previously accepted generated samples. A partial least
squares-based surrogate model was then rebuilt and evaluated on the selection-validation
set. For classification, PLS-DA accuracy was used as the evaluation criterion, whereas
for regression, the PLSR correlation coefficient and RMSE were jointly considered. If the
inclusion of a candidate resulted in deterioration of the corresponding selection-validation
performance, the candidate was rejected and the next candidate was evaluated; otherwise,
it was retained and included in the training set for the subsequent iteration. No additional
empirical numerical threshold was applied during this process. The candidates were evalu-
ated sequentially until 344 generated samples had been retained, which was equal to the
number of original Day 1 training samples. All reported test results were calculated using
Test sets 1-3 retained from Days 2—4.
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2.7. Phenotypic Analysis Modeling Method
2.7.1. Partial Least Squares Discriminant Analysis

PLS-DA was used for single-task classification of oilseed rape leaf samples. PLS-
DA extends partial least squares regression to classification by converting discrete class
labels into a numerical response matrix and extracting latent variables that maximize the
covariance between the spectral matrix and the class response matrix [39]. This method is
suitable for high-dimensional spectral data because it reduces spectral redundancy while
retaining discriminative information for classification. In this study, the optimal number of
latent variables was selected by grid search with 10-fold cross-validation on the training
set, and the search range was set from 1 to 20.

2.7.2. Partial Least Squares Regression

PLSR was used to build single-task regression models for quantitative prediction
of leaf SPAD value and water content. As a classical multivariate calibration method
in chemometrics, PLSR is well-suited for spectral analysis, where data often show high
dimensionality, strong multicollinearity, and noise interference [40]. In this study, the
optimal number of latent variables was selected by grid search with 10-fold cross-validation
on the training set, with the search range set from 1 to 20.

2.7.3. Multi-PLS for Multi-Task Prediction

To simultaneously predict class label, SPAD value, and leaf water content from the
same spectral input, a multi-output partial least squares model was further established.
SPAD value and water content were arranged as a two-column continuous response matrix
and modeled using multi-response PLSR. The variety labels 0, 1, and 2 were transformed
into three-dimensional one-hot vectors, i.e., [1, 0, 0], [0, 1, 0], and [0, 0, 1], respectively. Dur-
ing prediction, the classification model generated three continuous outputs corresponding
to the three varieties, and the class associated with the maximum output value was assigned
as the final predicted variety label. This approach can capture common spectral information
related to different traits and improve modeling efficiency when several correlated targets
need to be predicted simultaneously [41]. In this study, no additional manual scaling was
applied to the response variables before PLS modeling; the spectral variables and response
variables were internally centered and scaled during PLS fitting. The optimal number of
latent variables was selected by grid search with 10-fold cross-validation on the training
set, with the search range set from 1 to 20.

2.8. Performance Evaluation Metrics

To evaluate model performance and the quality of generated data for both the original
and augmented training sets, classification accuracy (Acc.), correlation coefficient (r), and
root mean square error (RMSE) were used as the main evaluation metrics.

For classification, Acc. was used to assess the ability of the model to identify different
oilseed rape varieties. It was calculated in Equation (8).

Neorrect
Acc. = N (8)
where Niorrect is the number of correctly classified samples and N is the total number of
samples. A higher Acc indicates better overall classification performance.
Precision was used to evaluate the reliability of positive predictions for each class.
It represents the proportion of correctly predicted positive samples among all samples
predicted as positive. It was calculated in Equation (9).
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P
Precision — —©
recision = T ED )

where TP is the number of true positive samples and FP is the number of false positive
samples. A higher Precision indicates fewer false-positive classifications.

Recall was used to evaluate the ability of the model to correctly identify samples
belonging to each class. It represents the proportion of correctly identified positive samples
among all actual positive samples. It was calculated in Equation (10).

TP

Recall = 755y

(10)
where FN is the number of false negative samples. A higher Recall indicates that a larger
proportion of samples from the corresponding class is correctly recognized.

The F1-score was used to provide a balanced evaluation of Precision and Recall. It is
defined as their harmonic mean. It was calculated in Equation (10).

Precision x Recall
Fl = score =2 x Precision + Recall (1)

For regression, r was used to evaluate the strength of the linear association between
measured and predicted values. It was calculated in Equation (11).

DL n(E-) )

-9 o (5 7)

where y; and §; are the measured and predicted values of the i-th sample, respectively; i
and 7 are their corresponding mean values; and 7 is the number of samples. An r value
closer to 1 indicates a stronger positive linear association between measured and predicted
values and a better ability of the model to capture variation in the reference measurements.

RMSE was used to quantify the average prediction error. It was calculated in Equation (12).

n

1 -
RMSE = [~} (yi = 71)* (13)
i=1
where the variables are defined as above. A lower RMSE indicates a smaller average
prediction error and greater predictive accuracy. Because SPAD and water content have
different units and value ranges, r and RMSE were calculated separately for the two

regression tasks. For the training, selection-validation and test sets, they were denoted as
re, RMSEC, ry, RMSEYV, rp,, and RMSEP, respectively.

2.9. Software and Hardware

All data processing and model development were performed on computer systems
equipped with 32 GB RAM, an NVIDIA GeForce RTX 3060 GPU, and Intel i7-11700 CPU.
The computational environment utilized Python (v3.9), with PyCharm IDEs (2023.1) as the
programming platforms.

3. Results
3.1. Spectral Analysis

Figure 4 shows the mean SNV-transformed spectral curves of the four acquisition
batches from Day 1 to Day 4. Overall, the oilseed rape leaf samples showed similar
spectral trends within 943-1657 nm, indicating consistent basic reflectance characteristics
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in the near-infrared region. However, differences in SNV-transformed spectral values were
still observed among batches, which may be related to variations in leaf water content,
chlorophyll level, internal tissue structure, and other physiological traits.
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Figure 4. Mean spectra with standard deviation in each wavelength of four batches of spectra
(A) Training set (B) Test set 1 (C) Test set 2 (D) Test set 3.

In terms of spectral shape, the SNV-transformed spectra showed relatively high
spectral values around 1000-1100 nm, followed by a gradual decrease after 1150 nm and a
distinct absorption valley around 1400-1500 nm. In the near-infrared region, leaf spectra
are mainly affected by water, organic compounds, and cellular structure. The overtone
and combination absorptions of O-H, C-H, and N-H bonds are important contributors to
NIR spectral features [42]. The fluctuations observed at 943-1050 nm may be associated
with higher-order overtone absorption of O-H bonds in water, reflecting changes in leaf
water status. The spectra were relatively smooth within 1100-1300 nm, but this region still
contained information related to C—H and O-H vibrations, which may be associated with
differences in dry matter, cellular structure, and organic composition [29].

3.2. Generated Data Analysis
3.2.1. Observed Generated Spectral Curve

According to Section 2.6, generated samples that markedly weakened the original
spectral-label relationship or reduced prediction performance on the selection-validation
set were excluded. The number of retained generated samples was set equal to the number
of real training samples; therefore, 344 generated samples were retained for each task. Since
conventional WGAN-GP usually generates class-specific samples by training separate
models for different classes, this study did not adopt class-wise WGAN-GP generation for
single-task classification in order to maintain consistency with the single-task regression
and multi-task experiments. Instead, only the improved WGAN-GP was used for single-
task classification data generation. The spectral curves of all Day 1 real samples, as well
as the spectra generated by WGAN-GP and the improved WGAN-GP for single-task and
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multi-task data generation, are shown in Figure S1 in the Supplementary Materials. As
shown in Figure S1, the generated spectra maintained similar curve shapes and trends to the
real spectra, although some differences and fluctuations in spectral intensity were observed.

Figure 5 shows the mean spectral curves of the selected samples generated by the
improved WGAN-GP for single-task classification and multi-task data generation. The
spectral curves generated for single-task regression showed similar shapes and trends and
are therefore not shown. As shown in Figure 5, the generated and real spectra were highly
consistent in overall distribution and variation trend. Meanwhile, subtle but distinguishable
differences among different classes were retained, providing useful spectral information
and data support for subsequent modeling analysis.
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Figure 5. Mean spectra with standard deviation in each wavelength between real and generated
data. (A) Class 0 of Single-task (classification) (B) Class 0 of Multi-task (C) Class 1 of Single-task
(classification) (D) Class 1 of Multi-task (E) Class 2 of Single-task (classification) (F) Class 2 of
Multi-task.

3.2.2. Box Plot Results

Figure 6 compares the distributions of SPAD and water-content labels in the training
set, selection set, test sets, and generated datasets. Taking water content as an example, the
basic WGAN-GP and the variant with the PLSR consistency loss largely reproduced the
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mean and dispersion of the Day 1 training data. After introducing the physicochemical dis-
tribution constraint, the generated water-content values showed a moderately lower mean
and greater dispersion, resulting in a broader distribution that showed greater coverage of
the values observed in the selection set and Test sets 1-3. The complete improved WGAN-
GP retained this broader coverage while avoiding excessive deviation from the real-data
range. Similar patterns were observed for SPAD generation and in both the single-task and
multi-task settings. The PLSR consistency loss mainly preserved the relationship between
generated spectra and labels, whereas the physicochemical distribution constraint adjusted
the location and spread of the generated labels. Their combination therefore enabled the
improved WGAN-GP to maintain physically plausible distributions while extending the
coverage of the original training data.
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Figure 6. Box plot analysis of chemical values for real and generated data. (A) Single-task for SPAD
(B) Single-task for WC (C) Multi-task for SPAD (D) Multi-task for WC.

3.2.3. T-SNE Evaluation Results

Figure 7 presents the t-SNE visualization of the selected generated spectra. The
generated samples showed partial local overlap with the corresponding real samples, while
some distribution shifts and differences in sample density were also observed. These results
provide a qualitative visualization of the local relationship between the real and generated
spectra [43].
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Figure 7. T-SNE result analysis chart. (A) Single-task (classification) Class 0 (B) Multi-task Class 0
(C) Single-task (classification) Class 1 (D) Multi-task Class 1 (E) Single-task (classification) Class 2
(F) Multi-task Class 2.

3.3. Prediction Performance and Component Analysis

All final prediction results reported in Tables 3 and 4 were calculated using the three
80% test subsets retained from Days 2—4. The combined 20% selection-validation set was
used only for generated-sample screening and is reported in the tables to transparently
describe the model-development process. The three test sets were not involved in generated-
sample screening or model optimization. Nevertheless, because the selection-validation
set and Test sets 1-3 were derived from the same acquisition days, these results should be
interpreted as evaluation within the present four-day experimental design rather than as
independent generalization to completely unseen acquisition days or batches.
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Table 3. Results of single-task modeling for oilseed rape leaves under different single-task WGAN-GP data augmentation strategies.

(WQ) WGAN-GP + PLSR 09154 0.4062 0.7358  0.6699 0.7050  0.9509 0.7817  0.7750 0.7416 0.6714
Improved WGAN-GP 09198 0.4262 0.7865 0.7872 0.7627  0.8324 0.7880  0.7602 0.7842  0.6028

*: None represents modeling with raw original data. Acc. stands for classification accuracy. r, v, rp are the correlation coefficients for the training set, selection
subset and test set. RMSEC, RMSEV, RMSEP are the RMSE values for the training set, selection subset and test set. WC stands for water content.

Model G te Method Training Set Selection Subset Test Set 1 Test Set 2 Test Set 3
oce enerate Yetho Ac. r. RMSEC Acc. 1, RMSEV Acc. 1, RMSEP Acc. r, RMSEP Acc. r, RMSEP
PLS-DA None * 0.9360 / / 0.5792 / / 0.6475 / / 0.6630 / / 0.4672 / /
(Variety) Improved WGAN-GP  0.9317 / / 0.6089 / / 0.6978 / / 0.6740 / / 0.6100 / /
None / 0.8250  3.1286 / 0.5733  5.5786 / 0.6301  4.3530 / 0.6918 5.3218 / 0.5936  6.2201
PLSR WGAN-GP / 0.8470  2.8258 / 0.6871  4.9012 / 0.6712  4.2395 / 0.6907  5.5145 / 0.5927  5.4852
(SPAD) WGAN-GP + PLSR / 0.8708  2.7203 / 0.7017  4.5946 / 0.6757  4.1290 / 0.7123  5.2061 / 0.6063  5.0378
Improved WGAN-GP / 0.8940  2.5851 / 0.7031  4.4551 / 0.6893  3.9527 / 0.7371  4.9229 / 0.6316  4.6303
None / 0.8938  0.4663 / 0.6882  0.9523 / 0.6723  0.9671 / 0.7875  0.7655 / 0.6803  0.7802
PLSR WGAN-GP / 0.8963  0.4667 / 0.7280 09132 / 0.6947  0.9685 / 0.7640  0.8086 / 0.7092 0.8182
/ / / / /
/ / / / /

Table 4. Results of multi-task modeling for oilseed rape leaves under different multi-task WGAN-GP data augmentation strategies.

Training Set Selection Subset Test Set 1 Test Set 2 Test Set 3
Model Generate Method
Acc. Ic RMSEC Acc. Iy RMSEV  Acc. Ip RMSEP Acc. Ip RMSEP Acc. Ip RMSEP
Multi-PLS None * 0.9128 / / 0.5594 / / 0.6187 / / 0.6447 / / 0.4942 / /
(Variety) WGAN-GP 0.9099 / / 0.6040 / / 0.6151 / / 0.6703 / / 0.5174 / /
y Improved WGAN-GP  0.9070 / / 0.6188 / / 0.7122 / / 0.7033 / / 0.6178 / /
Multi-PLS None / 0.8256  3.1237 / 0.5699 5.7891 / 0.6358  4.3595 / 0.6905 5.5253 / 0.5947  6.5296
(1SJP,1AD) WGAN-GP / 0.8139  2.8799 / 0.6486  5.0228 / 0.6767  4.4028 / 0.6939 5.4889 / 0.5859 5.6688
Improved WGAN-GP / 0.8756  2.5808 / 0.6625  4.6030 / 0.6569  4.0653 / 0.7162  4.9536 / 0.6126  4.5985
Multi-PLS None / 0.8951 0.4635 / 0.6727 0.9944 / 0.6873 0.9324 / 0.7712  0.7955 / 0.6527 0.8383
I(JV\}C) WGAN-GP / 0.8898  0.4500 / 0.7479  0.8355 / 0.6797  0.9568 / 0.7681 0.7879 / 0.7301  0.6685
Improved WGAN-GP / 0.9130 0.4308 / 0.7654  0.8277 / 0.7224  0.9279 / 0.7726  0.7836 / 0.7376  0.6720

*: None represents modeling with raw original data. Acc. stands for classification accuracy. rc, rv, rp are the correlation coefficients for the training set, selection
subset and test set. RMSEC, RMSEV, RMSEP are the RMSE values for the training set, selection subset and test set. WC stands for water content.
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3.3.1. Results of Variety Classification

When only the original Day 1 samples were used, the single-task PLS-DA model
achieved a training accuracy of 0.9360, whereas the accuracies on Test sets 1-3 were 0.6475,
0.6630, and 0.4672, respectively. The substantially lower accuracies on the three test sets,
particularly Test set 3, indicate that spectral differences among the daily acquisition batches
weakened variety classification performance. After augmentation with samples generated
by the improved WGAN-GP, the single-task classification accuracies increased to 0.6978,
0.6740, and 0.6100 on Test sets 1-3, respectively. The accuracy of all test sets was improved,
and the most remarkable improvement was observed in Test Set 3, with an accuracy increase
of 0.1428.

A similar pattern was observed for multi-task classification. Without data augmenta-
tion, the multi-PLS model achieved accuracies of 0.6187, 0.6447, and 0.4942 on the three test
sets. The basic WGAN-GP only yielded limited and inconsistent accuracy improvements
across different Test sets. In contrast, the improved WGAN-GP increased the accuracies to
0.7122, 0.7033, and 0.6178, respectively. These results indicate that the complete augmenta-
tion framework produced more consistent classification improvements across the three test
sets than the basic WGAN-GP.

Class-specific evaluation further demonstrated that data augmentation improved the
overall variety classification performance in both single-task and multi-task prediction,
although the magnitude of improvement varied among classes and test sets. For single-
task classification, the detailed Precision, Recall, and F1-score values for Classes 0-2 on
Test sets 1-3 are presented in Table S1, and the corresponding normalized confusion
matrices before and after improved WGAN-GP augmentation are shown in Figure S2.
For multi-task classification, the class-specific results under no augmentation, WGAN-GP
augmentation, and improved WGAN-GP augmentation are provided in Table S2, with the
corresponding normalized confusion matrices shown in Figure S3; overall, the improved
WGAN-GP yielded better class-level classification performance across the three test sets,
with particularly evident improvements for several difficult-to-classify cases.

3.3.2. Results of SPAD Prediction

For single-task SPAD prediction, the model trained only with the original Day 1
samples obtained correlation coefficients of 0.6301, 0.6918, and 0.5936 and RMSEP values
of 4.3530, 5.3218, and 6.2201 on Test sets 1-3, respectively. The basic WGAN-GP produced
uneven changes among the test sets. Although the RMSEP values decreased on Test sets
1 and 3, the correlation coefficient and RMSEP on Test set 2 did not improve compared
with the non-augmented model. Compared to the basic WGAN-GP, adding the PLSR
consistency loss increased the correlation coefficients and decreased RMSEP values. With
the complete improved WGAN-GP framework, the correlation coefficients further increased
to 0.6893, 0.7371, and 0.6316, while the RMSEP values decreased to 3.9527, 4.9229, and
4.6303. Compared to the non-augmented model, the complete framework reduced the
RMSEP on all three test sets, with the largest absolute reduction observed on Test set 3,
from 6.2201 to 4.6303.

In multi-task SPAD prediction, the non-augmented model obtained correlation coeffi-
cients of 0.6358, 0.6905, and 0.5947 and RMSEP values of 4.3595, 5.5253, and 6.5296. The
improved WGAN-GP reduced the RMSEP values to 4.0653, 4.9536, and 4.5985, respectively,
and increased the corresponding correlation coefficients to 0.6569, 0.7162, and 0.6126. The
improvement was again most evident for Test set 3.
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3.3.3. Results of WC Prediction

For single-task water-content prediction, the original PLSR model achieved correlation
coefficients of 0.6723, 0.7875, and 0.6803 and RMSEP values of 0.9671, 0.7655, and 0.7802 on
Test sets 1-3, respectively. The effect of the basic WGAN-GP was inconsistent. It increased
the correlation coefficient on Test sets 1 and 3, but the RMSEP values were not consistently
reduced. After the PLSR consistency loss was added, the correlation coefficients increased
from 0.6947, 0.7640, and 0.7092 for the basic WGAN-GP to 0.7050, 0.7817, and 0.7416,
respectively. The corresponding RMSEP values decreased from 0.9685, 0.8086, and 0.8182
to 0.9509, 0.7750, and 0.6714. This result again demonstrates that the PLSR consistency loss
improved the reliability of the generated spectrum-label pairs. The complete improved
WGAN-GP achieved the best overall test performance, with correlation coefficients of
0.7627, 0.7880, and 0.7842 and RMSEP values of 0.8324, 0.7602, and 0.6028. Compared with
the non-augmented model, the largest improvement was obtained on Test set 3, where
the correlation coefficient increased from 0.6803 to 0.7842 and the RMSEP decreased from
0.7802 to 0.6028.

For multi-task water-content prediction, the improved WGAN-GP obtained correlation
coefficients of 0.7224, 0.7726, and 0.7376 and RMSEP values of 0.9279, 0.7836, and 0.6720
on Test sets 1-3, respectively. These results were generally better than those of the non-
augmented and basic WGAN-GP models, although the magnitude of improvement differed
among acquisition days.

Overall, the results show that basic adversarial generation alone did not guarantee
improvement across all test sets. The PLSR consistency loss contributed to improved
regression performance by strengthening spectrum-label correspondence. Meanwhile, the
complete improved WGAN-GP provided further overall improvements across the three
test sets.

4. Discussion

Although this study improved WGAN-GP for single-task and multi-task phenotypic
data augmentation of oilseed rape leaves, several limitations remain. First, the quality of
the generated data strongly depends on the quality and representativeness of the original
training samples. If the original samples do not adequately cover the variation ranges of
SPAD, water content, class labels, and spectral features, the generator may produce less
reliable samples in sparsely represented regions. Consequently, some generated samples
with broader physicochemical ranges were removed during screening. Second, the original
models showed different prediction performance among the test sets collected on different
days, indicating that acquisition timing, individual plant variation, and physiological
status affected spectral consistency. Generated samples provided useful supplementary
information but could not completely eliminate these acquisition-related differences. Third,
generated-sample screening relied on the selection-validation set constructed from Days
2—4. Although the selection-validation set and Test sets 1-3 contained no overlapping
samples, they originated from the same acquisition days. Therefore, the present results
should be interpreted within this specific experimental design and should not be considered
independent validation on completely unseen acquisition days or batches. Fourth, the
PDC target ranges were empirically specified with reference to the overall physicochemical
variation observed during the experiment and physiologically reasonable ranges reported
in related studies. Therefore, these settings should be regarded as empirical distribution-
control parameters rather than universally applicable physiological thresholds, and future
studies should define such parameters using training data or external prior knowledge
independently of the evaluation data. Fifth, SPAD and water content showed relatively
weak correlation in this study, increasing the difficulty of generating samples with consistent

https://doi.org/10.3390/agriculture16171825


https://doi.org/10.3390/agriculture16171825

Agriculture 2026, 16, 1825

22 of 25

spectrum-SPAD-water content—class relationships. In addition, the influence of different
generated-sample quantities was not investigated, and the number of selected generated
samples was fixed to equal the number of real training samples. And it should also be noted
that the initial data-quality-control procedure was performed before dataset partitioning.
Although the exclusion criteria were used solely for measurement-quality control and
were not tuned according to subsequent model performance, the use of physicochemical
measurements at this stage may have influenced the composition of the subsequently
formed subsets. The reported evaluation should be interpreted as applying to the quality-
controlled sample population used in this study.

Future work can be improved in several aspects. First, the sample size should be
expanded to include more varieties, growth stages, stress conditions, and acquisition
dates, thereby improving the coverage of the original data distribution. Second, more
controllable generative models, such as conditional WGAN-GP, continuous conditional
GANSs, and diffusion models, should be explored to enable targeted spectral generation
under specified SPAD, water content, or class conditions. Third, transfer learning and
calibration-transfer strategies can be combined with data augmentation to reduce spectral
differences among acquisition periods. Fourth, a more comprehensive evaluation system
for generated samples should be established by jointly considering spectral similarity;,
label consistency, distribution distance, and downstream prediction performance. These
improvements may help build more robust hyperspectral phenotyping models and pro-
vide technical support for oilseed rape leaf variety identification and physiological-trait
prediction under complex field and multi-date monitoring conditions. And further studies
should evaluate the method using independently collected datasets covering additional
varieties, growth stages, seasons, locations, and crop species before broader transferability
can be concluded. In addition, future studies should further evaluate this issue by defining
exclusion criteria exclusively from the training data or by conducting sensitivity analyses
without outlier removal.

5. Conclusions

This study developed an improved WGAN-GP-based data augmentation framework
for hyperspectral prediction of detached oilseed rape leaves collected over four consecutive
days in both single-task and multi-task settings, covering variety identification, SPAD
prediction, and water-content prediction. For the classification task, the spectra of different
varieties were generated using a single WGAN-GP model, followed by probabilistic class
assignment through PCA-GMM. This design reduced the number of class-specific genera-
tive models and avoided repeated training. For the regression tasks, a PLSR consistency
loss was introduced to strengthen the correspondence between the generated spectra and
their physicochemical labels, thereby improving the reliability of synthetic samples for
predictive modeling. In addition, a physicochemical distribution constraint loss was used
to regulate the mean and dispersion of the generated labels and to broaden the coverage of
the continuous target variables.

Through the combined effects of these constraints, the complete improved WGAN-GP
provided overall performance improvements across the three test sets compared with the
basic WGAN-GP. The generated-sample screening procedure further removed synthetic
samples that adversely affected model performance, and the selected augmented training
data improved prediction performance across the three test sets. The multi-task framework
enabled the same set of generated samples to support one classification task and two
regression tasks simultaneously. Although the single-task regression models performed
better for some individual metrics, the multi-task approach provided greater computational
integration for unified data augmentation and simultaneous prediction.

https:/ /doi.org/10.3390/agriculture16171825


https://doi.org/10.3390/agriculture16171825

Agriculture 2026, 16, 1825

23 of 25

References

The findings of this study are limited to detached-leaf data from three oilseed rape
varieties collected at one experimental site during one growing season over four consecutive
days. Moreover, because the selection-validation and test subsets were derived from the
same Days 2—4, the present evaluation does not constitute independent validation on
completely unseen acquisition periods. Further external validation involving additional
varieties, growth stages, locations, seasons, and independently collected batches is needed
to more fully assess the generalizability and practical scope of the proposed method.
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training data on Test sets 1-3, respectively; (D-F) classification results obtained using the training
data augmented by the improved WGAN-GP on Test sets 1-3, respectively; Figure S3: Normalized
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