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Highlights 

What are the main findings? 

• A 1D U-Net CNN successfully fused EnMAP hyperspectral and SuperDove multi-

spectral imagery to produce a high-resolution (3 m) hyperspectral dataset for digital 

soil mapping. 

• Integrating cWGAN-GP-generated synthetic spectra with CNN modelling signifi-

cantly improved the prediction of soil EC, OM, and available P, outperforming RF 

models and increasing R2 by up to 31.3% while reducing RMSE by up to 33.2%. 

What are the implications of the main finding? 

• Combining hyperspectral–multispectral data fusion with deep generative AI can 

help mitigate limitations associated with limited soil sampling and improve the ac-

curacy of digital soil mapping. 

• The proposed framework provides 3 m soil property maps, supporting site-specific 

management and precision agriculture applications. 

Abstract 

Integrating high-resolution hyperspectral remote sensing with deep generative artificial 

intelligence (AI) offers a promising method for accurate soil mapping under limited sam-

pling conditions. While the EnMAP satellite provides hyperspectral data for mapping soil 

properties, its coarse spatial resolution (30 m) restricts its applications in digital soil map-

ping (DSM). This study investigates the potential of an integrated framework that com-

bines hyperspectral–multispectral satellite data fusion and deep generative AI for high-

resolution DSM. A total of 110 surface soil samples (0–30 cm) were collected from an ag-

ricultural farm in Ismailia (Egypt) and were analysed for soil organic matter (OM), elec-

trical conductivity (EC), and available phosphorus (P). EnMAP hyperspectral and Super-

Dove multispectral images were pre-processed and fused using a 1D U-Net-based convo-

lutional neural network (CNN) to generate a hyperspectral high-resolution (3 m) image. 

A conditional Wasserstein generative adversarial network (GAN) with gradient penalty 

(cWGAN-GP) was used to generate soil spectra at different levels of augmentation. The 

generated spectra were combined with 70% of real spectra to create different calibration 

datasets that were filtered to preserve spectral diversity and avoid spectral duplication. 

Two predictive models, random forest (RF) and CNN, were developed based on the op-
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timal combined calibration datasets. The prediction results based on the independent pre-

diction dataset (30%) showed that GAN–CNN outperformed GAN–RF at the highest aug-

mentation level (5×), with increases in coefficient of determination (R2) by 31.3, 25.8, and 

9.0%, and reductions in root mean square error (RMSE) by 33.2, 22.1 and 8.2% for EC, OM, 

and P, respectively. The optimal GAN–CNN model was used to produce soil maps at 3 m 

resolution based on the fused high-resolution hyperspectral image. The results indicate 

the potential of fusing hyperspectral and multispectral data combined with deep genera-

tive AI to overcome limited soil sampling and advance DSM for precision agriculture ap-

plications. 

Keywords: remote sensing; hyperspectral; data augmentation; deep learning; digital  

soil mapping 

 

1. Introduction 

High-resolution digital soil mapping (DSM) is essential for site-specific management 

in precision agriculture and land use planning. Insufficient reliable soil information used 

as input for DSM leads to a mismatch between the requirements of soil nutrients and ap-

plied inputs, lowering productivity and resource use efficiency [1,2]. However, achieving 

this level of detail is difficult because collecting dense soil samples is costly, labour-inten-

sive, and often limited by field accessibility [3,4]. Recent advances in DSM have increas-

ingly integrated remote sensing (RS) to estimate spatial variability from limited soil sam-

ples accurately [5,6]. Combining RS data with machine learning has achieved strong pre-

dictive performance, with accuracies exceeding 90% for key soil properties [7,8]. Accord-

ingly, RS has become a powerful tool in DSM, reducing dependence on expensive dense 

sampling and improving spatial prediction capabilities across different environments and 

scales [4,9–13]. While multispectral imagery has been widely applied, hyperspectral re-

mote sensing provides useful soil spectral information that improves the accuracy of soil 

modelling and mapping [7,9,14]. However, the low spatial resolution of hyperspectral im-

agery and the scarcity of calibration data constrain high-resolution DSM. This highlights 

the need for approaches that enhance hyperspectral spatial detail through advanced AI 

image fusion. 

Hyperspectral imaging (HSI) is an advanced remote sensing technology that cap-

tures continuous reflectance information across hundreds of contiguous narrow spectral 

bands, enabling detailed characterisation of soil physical and chemical properties [15–18]. 

Compared with multispectral data, HSI provides rich spectral signatures that facilitate the 

detection of subtle absorption features associated with soil organic matter (OM), mineral 

composition, moisture content, and nutrient status, making it highly suitable for quanti-

tative soil analysis and DSM. Recent advances in spaceborne hyperspectral satellites, in-

cluding PRISMA, Gaofen-5, ZY1-02D, and EnMAP, have supported significant advance-

ments in soil property mapping at regional scales [7,14,19,20]. For example, PRISMA hy-

perspectral imagery combined with the random forest (RF) algorithm has been used to 

map soil organic matter, phosphorus (P2O5), and potassium (K2O) with a coefficient of 

determination (R2) values of 0.69, 0.44, and 0.51, respectively [20]. Recently, EnMAP has 

demonstrated potential in mapping OM with a satisfactory accuracy (R2 = 0.68 and root 

mean square error [RMSE] = 0.34%) [19]. Despite these advances, the relatively coarse spa-

tial resolution of current hyperspectral satellites, such as EnMAP (30 m), limits their abil-

ity to capture fine-scale soil variability required for field-scale applications. In contrast, 

high-resolution multispectral sensors such as Planet SuperDove (3 m) provide detailed 

spatial information that is essential for resolving within-field variability [21,22]. By com-
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bining the spectral richness of hyperspectral imagery with the superior spatial detail of 

high-resolution multispectral data, image fusion has emerged as an effective strategy for 

enhancing DSM performance [23–26]. Furthermore, recent advances in artificial intelli-

gence have accelerated the exploitation of hyperspectral data, with convolutional neural 

network (CNN) models demonstrating strong capabilities for extracting complex patterns 

from high-dimensional spectral datasets and improving predictive accuracy [16,18,27]. 

Nevertheless, hyperspectral data analysis remains challenged due to spectral redundancy, 

high dimensionality, and the limited availability of soil samples, which can restrict model 

robustness and generalisation [16,28,29]. To mitigate these limitations, recent studies have 

increasingly explored generative artificial intelligence approaches, particularly generative 

adversarial networks (GANs), to augment training datasets and enhance model perfor-

mance under sparse sampling conditions [30–32]. 

Among modern deep-learning approaches, CNNs have emerged as powerful mod-

elling and mapping tools for learning complex spectral–spatial relationships directly from 

remotely sensed imagery. CNNs can automatically extract hierarchical features from 

fused hyperspectral–multispectral datasets, improving the prediction of soil properties 

[33,34]. For example, CNN models have frequently outperformed conventional machine 

learning approaches by effectively capturing nonlinear relationships between spectral re-

sponses and soil properties [33,35,36]. However, CNN performance remains highly de-

pendent on the availability of sufficient training samples, which is often a limiting factor 

in developing accurate DSM models from fused hyperspectral–multispectral datasets 

[37,38]. Limited calibration datasets often lead to reduced predictive performance and in-

creased model uncertainty, particularly when modelling the complex and nonlinear rela-

tionships inherent in high-dimensional hyperspectral data [9,39–41]. Producing a large 

number of samples necessary for AI modelling by the traditional laboratory methods is 

not the right choice due to the associated penalties of being time-consuming and expen-

sive [42]. To address these limitations, synthetic data augmentation has emerged as a 

promising strategy for expanding calibration datasets while preserving spectral charac-

teristics across the visible and near-infrared (Vis–NIR) range (400–2500 nm) [9,10]. Recent 

studies have reported improvements of 3–19% in modelling accuracy, even when only 

limited samples are available, through the use of data augmentation techniques [43]. 

However, effective augmentation relies on deep generative models capable of generating 

high-quality synthetic spectra from small calibration samples, thereby expanding the cal-

ibration dataset and enhancing model performance [44–46]. Therefore, integrating GAN-

based data augmentation, CNN-based feature learning, and hyperspectral–multispectral 

data fusion may enhance prediction accuracy and spatial generalisation in DSM, particu-

larly under data-scarce conditions [30,31,35]. 

Despite advances in hyperspectral imaging, deep learning, and generative artificial 

intelligence for soil analysis, the application of these technologies to DSM remains con-

strained by two major challenges: the limited availability of representative soil samples 

for model calibration and the relatively coarse spatial resolution of current spaceborne 

hyperspectral sensors. These limitations restrict the reliability of DSM, particularly in het-

erogeneous agricultural landscapes at the field scale. To address this gap, this study ex-

plores the potential of an AI–deep learning modelling framework integrating high-reso-

lution RS multi-spectral and low-resolution hyperspectral data for DSM of OM, electrical 

conductivity (EC), and available phosphorus (P). The modelling approach consists of 

three components: (1) generative adversarial network (GAN)-based generation of syn-

thetic hyperspectral soil spectra to expand limited calibration datasets, (2) CNN soil prop-

erty prediction models that learn robust spatial–spectral representations from the aug-

mented spectral data, and (3) deep generative image fusion combining hyperspectral data 

from EnMAP (30 m) with high-resolution multispectral imagery from SuperDove (3 m) to 
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reconstruct high-resolution hyperspectral imagery at the field scale. It is hypothesised that 

this integrated framework enables reliable soil mapping by improving model perfor-

mance for capturing within-field soil variability and reducing uncertainties under sparse 

sampling conditions. 

2. Materials and Methods 

This study employs a comprehensive, multi-stage framework that combines field soil 

analysis, remote sensing data fusion, spectral augmentation, machine learning and deep 

learning modelling, and uncertainty assessment to produce high-resolution soil property 

maps (Figure 1). As part of this framework, the GAN is employed for data augmentation 

to enhance the diversity of the calibration dataset. The proposed approach integrates gen-

erative modelling within a conventional predictive workflow rather than introducing a 

new predictive model class. In this context, Generative AI refers to the use of generative 

models to support and enhance conventional predictive modelling approaches rather 

than replace them [47–50]. Soil samples were collected and analysed for OM, EC, and P, 

while remote sensing data were obtained from EnMAP hyperspectral imagery and Super-

Dove multispectral imagery. These datasets were pre-processed and fused using a deep 

learning-based fusion model (1D U-Net–CNN) to generate high-resolution hyperspectral 

data representations. To address limited soil samples, spectral data augmentation was 

performed using a conditional Wasserstein GAN with gradient penalty (cWGAN-GP), 

whose output synthetic spectra were validated and matched with real spectra to construct 

an expanded calibration dataset. Predictive modelling of OM, EC, and P using both the 

real and synthetic spectra was conducted using random forest (RF) and convolutional 

neural network (CNN) models. Model performance was evaluated through an independ-

ent validation set and uncertainty assessment using prediction interval coverage proba-

bility (PICP). Finally, very high spatial resolution (3 m) maps of named soil properties 

were generated, and their reliability was assessed through uncertainty analysis, including 

pixel-wise uncertainty mapping. 

2.1. Study Area 

The study area is a five-hectare field located in Ismailia, Egypt (Figure 2). The soil is 

almost flat, with elevations of 38 to 41 m above sea level. The field is characterised by arid 

climatic conditions, with hot summers, mild winters, high evaporation rates, and low rain-

fall intensity (annual precipitation of 22 mm/y). The minimum temperature is recorded in 

January, while the maximum temperature is recorded in August. The average annual tem-

perature is around 20 °C during the winter months and can reach up to 41 °C in the sum-

mer. The soils are derived from alluvial deposits, with dominant textures ranging from 

sandy loam to loamy sand. According to Soil Taxonomy [51], the soils are classified at the 

sub-great group level as Typic Torriorthents and Typic Haplocalcids. 

2.2. Soil Samples and Analyses 

A total of 110 surface soil samples (depth 0–30 cm) were collected on the 16th of Sep-

tember 2024. The study area was characterised by bare soil conditions with negligible veg-

etation cover at the time of sampling and image acquisition. Around one kg of soil was 

taken at each location, and the sampling positions were carefully recorded with a global 

positioning system (GPS) device (Garmin eTrex 10, Garmin Ltd., Olathe, KS, USA). The 

locations of the samples were selected based on grid sampling to cover the spatial varia-

bility of the studied area, accounting for variations in texture and topography as much as 

possible. The samples were processed carefully by manual removal of the non-soil sub-

stances such as grass, roots, stone/gravel, and other non-soil materials. Each fresh soil 

sample was well mixed, and the sample size was reduced to around 300 g using coning 
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and quartering. The sample was air-dried and sieved to fine earth (<0.002 mm). Soil salin-

ity was determined using electrical conductivity in a soil–water extract 1:2.5 [52]. The soil 

organic carbon (SOC) was determined by the modified Walkley and Black method [53]. 

The soil organic matter (OM) was estimated from SOC by applying the Van Bemmelen 

conversion factor (1.724) [54,55]. Available phosphorus (P) was extracted using 0.5 M Na-

HCO3 (at pH 8.5) and determined calorimetrically [56]. 

 

Figure 1. Methodological framework of high-resolution digital soil mapping. 
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Figure 2. Study area and soil samples’ location, Ismailia, Egypt. 

2.3. Remote Sensing Data Preprocessing and Fusion 

2.3.1. EnMAP Hyperspectral Image 

The Environmental Mapping and Analysis Program (EnMAP) provides 224 contigu-

ous spectral bands across the vis-NIR (420–1000 nm) and shortwave infrared (SWIR; 900–

2450 nm) regions, with a high spatial resolution of 30 m [57,58]. EnMAP imagery under 

cloud-free conditions on 18 September 2024 was utilised in this study. The data, processed 

to Level 2A, offer bottom-of-atmosphere reflectance following atmospheric correction and 

are ready for quantitative analysis. Spectral regions significantly affected by atmospheric 

absorption or sensor instability were excluded from the EnMAP spectra before analysis. 

The removed spectral ranges included 950–1000 nm (VNIR–SWIR overlap region), 1150–

1250 nm (weak water vapour absorption), 1400–1450 nm and 1900–2000 nm (strong at-

mospheric water vapour absorption bands) [19,59]. Additionally, the 1600 and 1680 nm 

range was excluded due to quality concerns. Consequently, following spectral masking, 

178 high-quality spectral bands were retained for further analysis. These pre-processing 

steps minimized noise propagation into subsequent modelling while preserving im-

portant spectral information for analysis. 

Soil spectra were extracted from the EnMAP image at the sampling sites with spatial 

coincidence, resulting in a dataset of 110 soil spectra for model calibration and validation. 

Precise spectral preprocessing is essential in hyperspectral soil analysis since unprocessed 

reflectance spectra are often affected by sensor noise, variations in illumination, and scat-

tering effects associated with surface roughness and particle size distribution [60]. Three 

established preprocessing techniques were used to improve the signal-to-noise ratio and 

enhance chemically relevant absorption features. First, Savitzky–Golay (SG) smoothing 

was utilised with a window length of 13 bands and a second-order polynomial to reduce 

high-frequency noise while maintaining the shape and amplitude of absorption features 

[61]. Second, standard normal variate (SNV) was applied to each spectrum individually 

to minimise multiplicative scattering impacts and standardise spectral variability [62]. Fi-
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nally, a first-derivative SG transformation, employing the same window settings, was 

used to reduce baseline influences and enhance the absorption features associated with 

OM and mineral components [63,64]. These preprocessing steps were applied to both the 

original EnMAP image and the fused image before applying predictive models. 

2.3.2. SuperDove (PlanetScope) Multispectral Imagery 

SuperDove multispectral imagery with 3 m spectral resolution was used in this 

study. The SuperDove sensors gather information across eight spectral bands, which in-

clude coastal blue, blue, green, yellow, red, red-edge, and two near-infrared bands. The 

spectral characteristics enhance sensitivity to vegetation state, chlorophyll levels, and soil–

vegetation contrast, with the dual near-infrared bands facilitating better differentiation 

between vegetation structure and soil background influences [65]. The PlanetScope sur-

face reflectance (SR) product was acquired on 19 September 2024 and has been radiomet-

rically calibrated, orthorectified, and atmospherically corrected as surface reflectance with 

3 m spatial resolution before being used in data fusion. 

For data fusion, the SuperDove image was co-registered to the EnMAP imagery us-

ing a common coordinate reference system to ensure spatial consistency. It was then 

resampled to match the EnMAP spatial resolution and to serve as a high-resolution refer-

ence for subsequent downscaling and image-sharpening procedures within the data fu-

sion workflow. 

2.3.3. EnMAP–SuperDove Fusion 

The EnMAP–SuperDove fusion was designed to exploit the corresponding strengths 

of hyperspectral and high-resolution multispectral data. The images were projected into 

a common spatial reference system and accurately co-registered to minimise geometric 

discrepancies and ensure spatial consistency. Radiometric consistency between the sen-

sors was evaluated, and normalisation procedures were applied where necessary to re-

duce inter-sensor biases following established multi-sensor harmonisation approaches 

[66,67]. The resulting integrated dataset facilitated joint spectral–spatial analysis and pro-

vided the foundation for subsequent deep learning-based spectral data fusion. 

Developing Spectral Data and Preprocessing 

The training dataset was constructed by extracting paired spectra from spatially co-

incident EnMAP and SuperDove imagery at the sampling locations. For each location, the 

corresponding SuperDove multispectral spectrum and EnMAP hyperspectral spectrum 

were retrieved through precise spatial matching. The resulting paired dataset comprised 

SuperDove spectra as model inputs and EnMAP hyperspectral spectra as target outputs. 

To evaluate model performance, the spectral dataset was randomly divided into a training 

set (70%, n = 77) and an independent validation set (30%, n = 33). The trained model was 

then used to reconstruct hyperspectral spectra from SuperDove imagery at 3 m spatial 

resolution. The resulting product represents a statistically reconstructed hyperspectral im-

age inferred from the learned relationship between SuperDove and EnMAP data. 

To ensure methodological consistency across calibration, modelling, and image-scale 

prediction, all hyperspectral data were harmonised to a common wavelength representa-

tion spanning 420–2450 nm. Spectral regions strongly affected by atmospheric water va-

pour absorption and instrumental noise (950–1000 nm, 1150–1250 nm, 1400–1450 nm, 

1600–1680 nm, and 1900–2000 nm) were excluded using a binary wavelength mask. Con-

sequently, the EnMAP spectra were reduced to 178 high-quality spectral bands retained 

for subsequent analyses. Spectral smoothing was performed using a Savitzky–Golay (SG) 

filter (window length = 13 bands, polynomial order = 3). In contrast, SuperDove spectra 

were preprocessed independently using a lighter SG filter (window length = 3 bands, pol-
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ynomial order = 2) to preserve spectral information while reducing noise. The EnMAP 

target spectra were standardised using z-score transformation to improve the stability and 

convergence of the U-Net–CNN model. 

Deep Fusion Model for Producing a Hyperspectral High-Resolution Image 

A one-dimensional U-Net model was developed to learn the nonlinear relationship 

between PlanetScope Dove multispectral data and EnMAP hyperspectral data. The 1D U-

Net was selected because it effectively learns multi-scale hierarchical representations 

while preserving fine spectral details. Its encoder–decoder architecture with skip connec-

tions captures both local spectral patterns and long-range dependencies while enhancing 

gradient flow, feature reuse, and spectral consistency, thereby improving the reconstruc-

tion of subtle hyperspectral features [68,69]. Previous studies have shown that U-Net-

based models consistently outperform conventional CNNs and classical methods in hy-

perspectral fusion tasks, including pansharpening and super-resolution, due to superior 

spectral–spatial feature preservation and multi-scale learning [70–72]. These characteris-

tics make U-Net architectures well suited for spectral data fusion in remote sensing appli-

cations [73]. The model was adapted from the original U-Net framework for biomedical 

image segmentation [69] and reconfigured for one-dimensional spectral reconstruction. 

The model operates on spectral vectors of shape (input_dim, 1). The encoder consists of 

three sequential Conv1D layers with 16, 32, and 64 filters, respectively (kernel size = 3, 

ReLU activation), each followed by MaxPooling1D for dimensionality reduction while 

preserving dominant spectral information. The bottleneck layer consists of a Conv1D 

layer with 128 filters and a kernel size of 5, which learns a compact latent representation 

that captures the nonlinear relationship between multispectral and hyperspectral do-

mains. This hierarchical design enables the extraction of both fine-scale spectral features 

and broader spectral patterns. The decoder reconstructs hyperspectral spectra through 

successive UpSampling1D and Conv1D layers with 64, 32, and 16 filters, respectively. Skip 

connections concatenate encoder and decoder feature maps, preserving high-resolution 

spectral information and reducing information loss during downsampling. The final out-

put is generated using a Flatten layer followed by a Dense regression layer, which maps 

features to the target hyperspectral dimensionality (output_dim) and ensures complete 

spectral reconstruction. 

To justify the selection of the proposed 1D U-Net architecture, a comparative evalu-

ation was conducted using four neural network configurations trained under identical 

conditions. The reference model was the proposed 1D U-Net, while three alternative ar-

chitectures were also evaluated: (i) a U-Net without skip connections, (ii) a shallower U-

Net with two encoder–decoder levels, and (iii) a conventional CNN consisting of three 

convolutional layers without an encoder–decoder structure. All models were trained us-

ing the same training and validation datasets, optimisation settings, and combined MSE–

SAM loss function. Performance was evaluated using R2, RMSE, MAE, and spectral angle 

mapper (SAM), whereas model complexity was assessed based on the number of trainable 

parameters. This comparison was designed to evaluate the contributions of skip connec-

tions, network depth, and the encoder–decoder architecture to spectral fusion perfor-

mance, thereby providing quantitative justification for the adopted network architecture. 

The models were implemented using TensorFlow and Keras in Python. Training was 

performed using the Adam optimiser with a learning rate of 0.002, 500 epochs, and a batch 

size of 64. Model optimisation was guided by a composite loss function combining mean 

squared error (MSE) and SAM. MSE minimises numerical reconstruction error, while 

SAM preserves spectral shape by constraining angular differences between predicted and 

reference spectra, which is essential in hyperspectral analysis [74]. To improve robustness 

and generalisation under limited training data, data augmentation was applied using low-
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amplitude Gaussian noise and minor spectral shifting, simulating natural variability and 

reducing overfitting. After training, the model was applied to full PlanetScope Dove im-

agery to reconstruct an EnMAP-like hyperspectral cube at 3 m spatial resolution. The pre-

dicted spectra were inverse-transformed to reflectance space, reshaped into a 3D hyper-

spectral cube, and exported as georeferenced GeoTIFFs after clipping to the study area for 

subsequent soil property mapping. 

2.4. Spectral Data Augmentation 

2.4.1. Spectral Data Generation Using cWGAN-GP and Data Augmentation 

A conditional Wasserstein Generative Adversarial Network with gradient penalty 

(cWGAN-GP) method was used to generate synthetic soil spectra from the calibration 

spectral dataset extracted from the EnMAP image. The WGAN-GP framework was se-

lected due to its improved training stability and realistic generated hyperspectral data 

while reducing computational complexity [75–77]. The generator of the framework was 

driven by a 100-dimensional latent noise vector, while the critic was trained with a gradi-

ent penalty coefficient of 10 and updated ten times per generator iteration. Model training 

was conducted for 350 epochs using an adaptive batch size constrained by the calibration 

sample size. This configuration enforces the Lipschitz continuity condition and reduces 

mode collapse, which is particularly important for hyperspectral data. The synthetic spec-

tra were generated at multiple augmentation levels (1× to 5× training set), resulting in 77, 

154, 231, 308, and 385 spectra, respectively. The generated spectra were validated for di-

mensional consistency with the real dataset spectra before further analysis. 

2.4.2. Matching Synthetic Spectra with Real Spectra and Creating Calibration Datasets 

To ensure quality consistency and avoid the inclusion of low-quality synthetic spec-

tra, a principal component analysis (PCA)-based similarity and confidence filtering frame-

work was implemented. The pre-processed real and synthetic spectra were jointly scaled 

using min–max normalisation and projected into a reduced principal component space 

comprising five components. For each synthetic spectrum, similarity to the calibration set 

was quantified using a composite metric that integrates the SAM and Euclidean distance, 

with weights of 60% and 40%, respectively. Each synthetic spectrum was then assigned to 

its most similar calibration reference. A two-dimensional PCA representation (PC1–PC2) 

was subsequently used to define a 90% confidence region based on the chi-square distri-

bution. Synthetic spectra falling outside the confidence region were excluded from further 

analysis. To evaluate the sensitivity of the filtering procedure, confidence levels of 85%, 

90%, and 95% were investigated. As only minor differences in predictive performance 

were observed among the tested thresholds, a 90% confidence ellipse was selected for 

subsequent analyses because it provided a balanced compromise between retaining rep-

resentative synthetic spectra and excluding spectra that deviated from the distribution of 

the original calibration data. To further control redundancy and mitigate the over-

sampling effects of synthetic data, a density-based filtering step was subsequently ap-

plied. The synthetic spectra were projected into a five-component PCA space, and density-

based spatial clustering of applications with noise (DBSCAN) was performed using a 

small neighbourhood radius (ε = 0.02). Within each cluster, a single representative spec-

trum was selected based on the minimum Euclidean distance to the cluster centroid in the 

original spectral space. The resulting filtered synthetic samples from each of the five aug-

mentation levels were combined with the original calibration dataset (n = 77 spectra), 

which was fully retained without modification, yielding five integrated datasets prepared 

for the subsequent modelling step. 
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2.5. Predictive Models for Soil OM, EC and P 

The RF model was evaluated alongside the CNN model for predicting OM, EC, and 

P. The CNN was selected because of its ability to learn hierarchical spectral features and 

complex nonlinear relationships directly from hyperspectral data. In addition, CNNs can 

effectively utilise GAN-based data augmentation, which increases the diversity of the cal-

ibration dataset and may enhance model robustness and generalisation. Previous studies 

have also reported that CNN models can achieve performance comparable to, or exceed-

ing, that of conventional machine learning approaches for soil property prediction from 

spectral data under appropriate conditions [35,36]. Both RF and CNN prediction models 

were developed using the final combined datasets and evaluated with the independent 

prediction set for each soil property. The models’ descriptions and development process 

are provided below. 

2.5.1. Random Forest (RF) 

RF is an ensemble, non-parametric machine learning algorithm widely used in hy-

perspectral imaging and DSM. RF can handle high-dimensional, noisy, and correlated 

predictor variables in hyperspectral imaging [78,79]. The process of RF work is to con-

struct multiple decision trees during calibration. Each tree is trained on a bootstrap sample 

drawn randomly (with replacement) from the dataset [80]. Randomness is introduced 

through the bootstrap sampling method and by selecting a random subset of predictor 

variables at each node split. This decorrelates trees, enhances robustness, and controls 

multicollinearity, which is a common issue in hyperspectral data [81]. For regression, pre-

dictions are obtained by averaging the outputs of all trees, improving generalisation and 

reducing variance compared to a single decision tree. In this research, RF was used as a 

benchmark to predict soil properties (OC, EC, P) from pre-processed spectral data. Models 

were trained with a range of 100–400 trees fitted on augmented calibration datasets (1× to 

5×) with fixed random seeds for stability. 

2.5.2. Convolutional Neural Network (CNN) 

CNNs are deep learning architectures that autonomously extract hierarchical feature 

representations from structured data [82]. A standard CNN consists of an input layer, 

convolutional and pooling layers for extracting features and reducing dimensionality, 

flattening layers to convert features into vectors, fully connected layers, and an output 

layer. In this research, 1D spectral reflectance data were used as input, maintaining the 

sequential structure of the spectral information. The original architecture consisted of five 

convolutional layers, two fully connected layers, and MaxPooling1D layers following 

each convolution layer to reduce feature dimensionality. Convolutional layers employed 

ReLU activations, whereas the output layer utilised linear activation for regression pur-

poses. During training, batch sizes ranging from 45 to 64 and 250–500 training epochs 

were evaluated. To reduce overfitting and improve model performance, batch normalisa-

tion, dropout regularisation, and early stopping (patience = 50 epochs) were implemented. 

The Adam optimiser was used with an initial learning rate of 0.002, which was reduced 

by 50% when the validation loss failed to improve for 10 consecutive epochs [83]. Batch 

normalisation and dropout layers were employed to enhance training stability and model 

generalisation [84]. 

Following hyperparameter optimisation, a compact seven-layer CNN architecture 

was developed (Figure 3). The model consists of an input layer containing 178 spectral 

variables, followed by three convolutional layers with 8, 16, and 32 filters, respectively, 

using a kernel size of 8 and a stride of 1. Two max-pooling layers with pooling factors of 

2 and 4 progressively reduce the feature dimensions, followed by a flatten layer and a 

fully connected layer before the final regression output. The batch size (49–53) and learn-
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ing rate (0.001–0.003) were optimised experimentally, while the number of training epochs 

was determined based on the minimum validation loss. The final architecture contained 

approximately 20,770 trainable parameters, indicating a computationally efficient and 

lightweight deep learning model capable of learning complex spectral–soil relationships 

while minimising the risk of overfitting [85]. 

 

Figure 3. The convolutional neural network (CNN) model architecture was used for predicting soil 

organic matter (OM), electrical conductivity (EC), and phosphorus (P). The model consists of an 

input layer containing 2006 spectral variables, three convolutional layers with increasing filter num-

bers by a step of stride 1 (8, 16, and 32), followed by two max-pooling layers for a factor of 2 and 

then 4 for feature dimensionality reduction. The extracted features are flattened and passed to a 

fully connected layer before generating the final prediction in the output layer. 

2.5.3. Models’ Accuracy Assessment 

The RF, GAN–RF, and GAN–CNN models were evaluated using a calibration–vali-

dation approach. First, the dataset was randomly divided into calibration (70%) and inde-

pendent validation (30%) subsets while preserving the correspondence between the soil 

property measurements and their associated hyperspectral data. The validation subset 

was kept fixed throughout the study to ensure a fair comparison of the proposed data 

augmentation framework across all augmentation scenarios. Model development and hy-

perparameter optimisation were performed using the calibration subset with 10 repeated 

5-fold cross-validation (50 models). The optimal hyperparameters were selected based on 

the lowest cross-validation root mean square error (RMSECV). Using these fixed hyperpa-

rameters, model performance was then assessed from the mean ± standard deviation of 

the coefficient of determination (R2), root mean square error (RMSE), and ratio of perfor-

mance to deviation (RPD) obtained across the 50 cross-validation models. Finally, the op-

timised models were evaluated using the independent validation dataset. Model perfor-

mance was quantified using the following metrics: 

𝑅2 = 1 − 
∑ (𝑥𝑖 − 𝑦𝑖)

2𝑛
𝑖

∑ (𝑥𝑖 − 𝑥̅)2𝑛
𝑖

  (1) 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑ (𝑥𝑖 − 𝑦𝑖)

2
𝑛

𝑖
 (2) 

𝑅𝑃𝐷 =  
𝑠𝑡𝑑

𝑅𝑀𝑆𝐸
 (3) 

where n is the number of samples, xi and yi are measured and predicted values for sample 

i. 𝑥̅ is the mean of the measured values, and std is the standard deviation of the measured 
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values. Model performance was evaluated using R2, RMSE, and RPD, where higher R2 and 

RPD values and lower RMSE values indicate better predictive performance. Model per-

formance is categorised based on RPD values into six levels [64]: excellent (RPD > 2.5), 

very good (2.0–2.5), good (1.8–2.0), fair (1.4–1.8), poor (1.0–1.4), and very poor (RPD < 1.0). 

RF, GAN–RF, and GAN–CNN were implemented in Python 3.8.1 using Keras with Ten-

sorFlow backend [86,87]. 

2.6. Soil Mapping 

The fused hyperspectral–high-resolution image was first subjected to the same spec-

tral preprocessing steps applied during model calibration. These steps include first Sa-

vitzky–Golay smoothing to reduce noise and enhance spectral features, followed by 

standard normal variate (SNV) to correct for scatter effects, and finally first derivative 

transformation to emphasise subtle spectral absorption features relevant to soil constitu-

ents. These standardised pixel-wise spectral profiles were then used as inputs to an opti-

mised GAN-CNN model for the prediction of EC, OM, and P. Then, the predictions gen-

erated by the CNN models were reconstructed into continuous spatial surface maps by 

assigning a predicted soil property value to each pixel in the fused image, thereby pro-

ducing high-resolution maps of EC, OM, and P properties. To facilitate interpretation, the 

continuous maps were classified into five geometrically spaced classes. Spatial coherence 

of the maps was improved by applying gap-filling procedures to interpolate missing or 

noisy pixel values, enhancing the continuity of the spatial surfaces based on reconstructed 

high-resolution data [88,89]. Post-classification spatial filtering (majority filter) was then 

applied to suppress isolated anomalies and reduce noise, resulting in smoother and more 

geographically consistent soil property patterns [90,91]. The robustness of these maps was 

assessed by comparing predicted values at independent validation locations with values 

extracted from the continuous maps, ensuring consistency between point observations 

and spatial predictions as a standard practice in hyperspectral soil mapping validation. 

2.7. Uncertainty Assessment 

Uncertainty of the models’ predictions and mapping of soil properties (OM, EC, and 

P) were assessed using a combined framework integrating prediction interval coverage 

probability (PICP) and pixel-wise uncertainty mapping. The method allows a comprehen-

sive assessment of prediction reliability alongside a spatially detailed illustration of un-

certainty, which is crucial to explore the inherited varied performance across different lo-

cations. This uncertainty assessment framework has become common in DSM studies that 

use limited field observations coupled with deep learning models and hyperspectral data, 

as it enables the modelling of complex relationships between spectral variability and spa-

tial heterogeneity [92]. 

2.7.1. Prediction Interval Coverage Probability (PICP) 

The predicted values of OM, EC, and P were derived using the validation dataset in 

combination with a bootstrapping approach (100 iterations) to estimate the mean and 

standard deviation (SD) of the predictions. Based on these statistics, a 90% prediction in-

terval was constructed as mean ± 1.64 × SD [87,93]. The reliability of the uncertainty esti-

mates was subsequently evaluated by computing the prediction interval coverage proba-

bility (PICP), defined as the proportion of observed soil measurements falling within the 

corresponding prediction intervals. 

2.7.2. Pixel-Wise Uncertainty Mapping 

In addition to the model assessment provided by PICP, spatial variability in predic-

tion reliability was quantified using a pixel-wise uncertainty mapping approach. Predic-
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tion residuals were first calculated at validation sample locations as the difference be-

tween predicted and observed values. These residuals were then squared and transferred 

to the raster grid, followed by spatial generalisation using a Gaussian smoothing function. 

The square root of the smoothed residuals was subsequently computed to derive a con-

tinuous uncertainty surface representing the local standard deviation [94–96]. This pixel-

wise uncertainty map enables the identification of areas with varying prediction reliabil-

ity, where higher values indicate greater uncertainty. Such spatially explicit uncertainty 

assessment is particularly important in hyperspectral soil mapping due to the inherent 

variability in spectral responses and the heterogeneity of soil samples [95]. 

3. Results 

3.1. Soil Analysis and Spectral Data 

Table 1 summarises the descriptive statistics of both the calibration (Cal) dataset (n = 

77) and the validation (Val) dataset (n = 33) of the tested soil properties (OM, EC, and P). 

The values of OM in the calibration dataset ranged between 6.60 g kg−1 and 14.30 g kg−1, with 

a median of 10.10 g kg−1. The first quartile (Q1) and third quartile (Q3) were 8.90 g kg−1 and 

11.40 g kg−1, respectively, suggesting a relatively tight distribution and minimal dispersion 

(SD = 1.71). The validation dataset showed a consistent OM range (6.80–14.00 g kg−1), with 

slightly lower mean (9.83 g kg−1) and median (9.50 g kg−1) values. The close alignment of 

calibration and validation statistics indicates an even distribution of OM variability. 

EC values in the calibration dataset ranged between 0.75 and 2.50 dS m−1, with an 

average of 1.50 dS m−1 and a median of 1.48 dS m−1. The interquartile range (IQR) extended 

from 1.20 dS m−1 for Q1 to 1.77 dS m−1 for Q3, reflecting moderate variability that was 

confirmed by an SD of 0.37 dS m−1. The validation dataset showed a similar distribution 

to the calibration set, with values ranging between 0.70 and 2.40 dS m−1 and a slightly 

lower mean (1.43 dS m−1) and median (1.39 dS m−1). The comparable quartiles and SD (0.36 

dS m−1) indicate that the validation set effectively represents the EC variability in the cali-

bration data. 

P exhibited the widest variability among the examined properties. The P concentra-

tions of the calibration dataset ranged between 7.20 and 39.20 mg kg−1, with a mean value 

of 19.97 mg kg−1 and a median of 19.3 mg kg−1. The values of Q1 (15.9 mg kg−1) and Q3 

(23.9 mg kg−1), along with a high SD of 6.79 mg kg−1, suggest significant spatial variability. 

The validation dataset showed a narrow P range (6.80–30.30 mg kg−1) and less variability 

(SD = 5.22 mg kg−1), while also retaining similar central tendency values, as the mean (16.80 

mg kg−1) and median (17.5 mg kg−1) are comparable. 

Table 1. Descriptive statistics of the calibration (Cal) and validation (Val) datasets of soil organic 

matter (OM), electrical conductivity (EC), and available phosphorus (P). 

Property Dataset No Min. Max. Mean Q1 Med Q3 SD 

OM (g kg−1) Cal 77 6.60 14.30 10.16 8.90 10.10 11.40 1.71 

 Val 33 6.80 14.00 9.83 8.60 9.50 11.00 1.61 

EC (dS m−1) Cal 77 0.75 2.50 1.50 1.20 1.48 1.77 0.37 
 Val 33 0.70 2.40 1.43 1.18 1.39 1.72 0.36 

P (mg kg−1) Cal 77 8.16 36.16 19.35 16.01 19.46 22.66 5.85 
 Val 33 7.76 36.36 20.15 16.46 20.26 24.56 7.14 

Note: SD = standard deviation, Q1= first quartile, Q3 = third quartile. 
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3.2. Quality of Real (Measured) and Synthetic Spectral Data 

Figure 4 illustrates the changes in generator and critic losses during cWGAN-GP 

training for producing synthetic spectra for the three soil properties OM, EC, and P. In the 

initial phases of training, the critic loss shows significant negative values, reflecting a 

strong ability to differentiate between real and generated spectra. As training advances, 

the critic loss gradually approaches zero, reflecting a reduction in the Wasserstein distance 

between real and synthetic spectral distributions. For OM (Figure 4a), the critic loss in-

creases rapidly from highly negative values in the early training stages and levels off close 

to zero after around 80–100 epochs. After the initial stabilisation phase, the critic loss stays 

nearly constant with only minor fluctuations. In the meantime, the generator loss gradu-

ally increases and follows a smooth trend with minor fluctuations. This behaviour sug-

gests a stable adversarial training process, quick convergence, and a balance interaction 

between the generator and the critic. The training of EC spectra shows a more gradual 

and prolonged convergence pattern (Figure 4b). The critic loss gradually rises toward zero 

and remains stable throughout the training. The generator loss varies slightly around 

zero, indicating instability. Compared with OM, EC displays a slower convergence pro-

cess and more persistent training dynamics. For P spectra (Figure 4c), the critic loss shows 

a similar early convergence pattern but exhibits greater variability during later epochs. 

The generator loss increases to positive values and shows greater variability compared 

with OM and EC. Despite this sharp variability, the losses remain limited, showing effec-

tive convergence in more dynamic adversarial conditions. 

 

Figure 4. The evolution of the generator and critic losses during Wasserstein generative adversarial 

network (GAN) with gradient penalty (cWGAN-GP) training for generating spectral data of (a) or-

ganic matter (OM), (b) electrical conductivity (EC), and (c) available phosphorous (P). 

Figure 5 shows the EnMAP soil spectra demonstrating the effect of spectral prepro-

cessing and the agreement between the original and the synthetic spectra. Figure 5a shows 

the unprocessed EnMAP spectra of the calibration samples, with each spectrum shown as 
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a light blue line and the average spectrum emphasised in bold blue. In the visible range 

(420–700 nm), reflectance values are generally low and gradually increase with wave-

length, a pattern mainly influenced by soil colour, iron oxides, and OM. In the near-infra-

red region (NIR; 700–1300 nm), reflectance gradually increases, reflecting variations in soil 

composition and particle size distribution. The absorption features around 1400 nm and 

1900 nm, linked to O–H stretching and bending vibrations of water molecules, were elim-

inated because they are highly noisy, dominated by atmospheric and moisture effects, and 

provide limited useful information for the analysis. Absorptions in the 1700–1800 nm and 

2100–2300 nm regions are associated with organic functional groups (e.g., C–H and C=O 

bonds) and indicate an indirect relationship to OM content. Furthermore, absorption fea-

tures around 2200 nm are associated with Al–OH bonds in clay minerals such as kaolinite 

and illite, whereas features around 2330–2350 nm are typically linked to carbonates and 

Mg–OH bonds. 

Figure 5b illustrates the effect of applying combined standard normal variate and 

first-derivative (SNV + FD) preprocessing on the EnMAP spectra. This transformation ef-

fectively suppresses broad background variation while enhancing localised absorption 

features. The derivative spectra, with the mean spectrum shown in red, clearly emphasise 

OM absorption features in the 1700–1800 nm and 2100–2300 nm regions and clay miner-

alogy absorptions near 2200 nm. Figure 5c–e demonstrates that the cWGAN-GP success-

fully generates synthetic spectra that closely match the real EnMAP spectra in terms of 

spectral range, mean spectral shape, and spectral variance across the vis-NIR and SWIR 

regions. The synthetic spectra occupy the same spectral domain as the processed real spec-

tra and accurately reproduce the main absorption features associated with OM, water hy-

droxyl groups, and clay minerals. At the same time, the generated spectra exhibit subtle 

and systematic differences when conditioned on OM, EC, and P values, particularly 

within OM-sensitive regions (1700–1800 nm and 2100–2300 nm). These properties guide 

the generative process toward the underlying soil chemical composition, ensuring that 

synthetic spectra are statistically consistent with observed distributions of OM, EC, and 

P. Through this conditioning, the model learns to reproduce fine spectral variations linked 

to these properties, resulting in synthetic spectra that effectively preserve the key charac-

teristics of their corresponding spectral signatures across the spectral domain. Im-

portantly, these controlled variations indicate that the model captures conditions that are 

dependent on spectral responses rather than introducing random patterns to the gener-

ated spectra. 

Table 2 compares the performance of the four neural network architectures evaluated 

for hyperspectral spectral reconstruction, including the proposed 1D U-Net, a U-Net with-

out skip connections, a shallower two-level U-Net, and a conventional CNN. The pro-

posed 1D U-Net model achieved the highest reconstruction accuracy, with the highest R2 

of 0.94, the lowest reconstruction errors (RMSE = 0.009 and MAE = 0.0060), and the small-

est spectral angle (SAM = 8.20). Removing the skip connections reduced reconstruction 

accuracy (R2 = 0.90, RMSE = 0.0097, MAE = 0.0069, and SAM = 10.87), indicating that skip 

connections play an important role in preserving fine spectral information during the de-

coding process. Likewise, reducing the network depth to a two-level U-Net further de-

graded performance (R2 = 0.89, RMSE = 0.0103, MAE = 0.0078, and SAM = 12.64). The con-

ventional CNN produced the lowest reconstruction accuracy despite having a comparable 

order of model complexity (R2 = 0.87, RMSE = 0.0111, MAE = 0.0083, and SAM = 13.53). 
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Figure 5. The spectral data in reflectance format as (a) EnMAP raw, (b) processed using standard 

normal variate (SNV) followed by first derivative (FD). The generated spectral datasets using the 

Wasserstein generative adversarial network (GAN) with gradient penalty (cWGAN-GP) method for 

soil (c) organic matter (OM), (d) electrical conductivity (EC), and (e) available phosphorous (P). 

Table 2. Spectral reconstruction performance of four neural network architectures (1D U-Net, U-

Net without skip connections, a shallow U-Net with two encoder–decoder levels, and a simple 

CNN) for EnMAP–SuperDove spectral data fusion. 

Model Trainable Parameters R2 RMSE MAE * SAM  

1D U-Net 114,722 0.94 0.0090 0.0060 8.20 

U-Net without skip 

connections  
89,282 0.90 0.0097 0.0069 10.87 

Shallow U-Net 29,402 0.89 0.0103 0.0078 12.64 

Simple CNN  31,250 0.87 0.0111 0.0083 13.53 

* SAM = spectral angle mapper. 
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3.3. Spectral Data Augmentation and Developing Calibration Datasets 

Figure 6 presents the distribution of calibration samples, GAN-generated samples at 

the different augmentation levels (1×–5×), and the selected subset of GAN samples in the 

PCA score space (PC1 vs. PC2) for the three soil properties OM, EC, and P. The dashed 

ellipse denotes the 90% confidence region derived from the calibration dataset for each 

soil property. Across all properties, the calibration samples (blue points) form a compact 

and well-defined reference spectral space that captures the inherent field-scale variability 

of the EnMAP spectral data. In contrast, GAN-generated samples located outside this con-

fidence region (red points) deviate from the statistical structure of the calibration data and 

were therefore excluded from further analysis. In contrast, the selected GAN samples 

(green points) show a very close match with the calibration samples, both in terms of spa-

tial distribution and internal structure within the PCA space. These accepted synthetic 

spectra are located within the 90% confidence region and strongly overlap with the cali-

bration data, indicating a high level of match with the original and synthetic samples. For 

all soil properties Figure 6a–c), slight variations in point density and distribution are ob-

served. Nevertheless, the relative positioning and overall structure of the calibration and 

selected synthetic spectra remain consistent. The PCA score (cumulative variance > 90%) 

represented a significant share of the overall spectral variance across all soil properties, 

reflecting key spectral information relevant to calibration. The distribution of Mahalano-

bis distances for the selected GAN-generated samples closely matched that of the original 

calibration data. More than 90% of the accepted synthetic spectra fell within the 90% con-

fidence limit defined by the calibration covariance matrix. Samples identified as statisti-

cally inconsistent were therefore removed before constructing the final calibration dataset. 

The inclusion of the selected synthetic samples effectively increased the density of the 

calibration dataset at the 5 levels of augmentation without causing a noticeable shift in the 

PCA centroid or an increase in spectral variance. 

3.4. The Prediction Performance of GAN–RF and GAN–CNN Models 

Table 3 summarises the prediction performance of the GAN–RF and GAN–CNN 

models for predicting the three soil properties. The models were trained with generated 

and combined spectra at different augmentation levels (1× to 5×). Model performance was 

evaluated using R2, RMSE, and RPD, while the robustness of these results was further 

verified using repeated 10 × 5-fold cross-validation. The detailed cross-validation statistics 

are provided in Appendix A (Table A1). In general, the CNN model showed a distinct and 

steady enhancement in predictive performance as the augmentation size grew for the 

three evaluated soil properties. This trend suggests that adding generated spectra signifi-

cantly improved the CNN’s capacity to understand the effective connections between 

spectra and soil properties. For OM, the CNN models consistently surpassed the bench-

mark RF (without augmentation) at every level of augmentation. The GAN–RF model ex-

hibited consistent performance, with R2 values ranging between 0.69 and 0.72 and RPD 

values ranging from 1.83 to 1.91, reflecting good predictive capability [64]. In comparison, 

the GAN–CNN model showed a significant enhancement in accuracy, as R2 increased 

from 0.73 to 0.82 at 5× augmentation. As a result, RMSE declined from 0.83 to 0.67 g kg−1, 

while the RPD value reached a maximum of 2.38 (very good performance). This trend 

indicates that expanding the calibration set with the selected generated spectra improved 

the predictive performance of the GAN–CNN model for OM prediction. 
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Figure 6. The distribution of real and generated samples in the principal component analysis (PCA) 

score (PC1 vs. PC2) for three soil properties: (a) organic matter (OM), (b) electrical conductivity (EC), 

and (c) available phosphorous (P). The dashed ellipse (in black) represents the 90% confidence re-

gion derived from the calibration dataset for each soil property. The calibration samples (blue 

points) were fully retained without any filtering or removal. The GAN-generated samples are lo-

cated outside this confidence region (red points), and the selected subset of GAN samples (green 

points) is within the 90% confidence region. The overlap between green and blue points shows a 

very close match between the calibration and generated samples. 

A noticeable positive effect of augmentation was also observed for the EC models. 

The benchmark RF model again showed limited sensitivity to the increased number of 

selected and combined samples, with R2 values of 0.64–0.67 and RPD values below 1.80, 

suggesting fair but not robust predictions (Table 3). The GAN–CNN model gained ad-
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vantages from data augmentation. Although its performance with 1× augmentation was 

comparable to GAN–RF (R2 = 0.64, RPD = 1.70), significant improvement was obtained 

with the largest augmentation sizes. With 5× augmentation, GAN–CNN achieved the best 

results with R2 of 0.85, RMSE of 0.14 dSm−1, and RPD of 2.56. These results confirmed that 

the CNN model successfully utilised the generated spectra to manage non-linear relation-

ships that GAN–RF did not thoroughly investigate. 

The P model’s prediction performance was lower than that of the OM and EC models 

(Table 3). The GAN–RF model showed fair to good prediction with R2 (0.63–0.69) and RPD 

(1.69–1.85) that was better than the benchmark RF model. The GAN–CNN model showed the 

same trend as the OM and EC models, with notable improvement results observed compared 

with the benchmark RF model at 5× augmentation. The model achieved fair to good predictive 

performance, with R2 increased from 0.64 to 0.71, RMSE decreased from 3.48 to 3.15 mg kg−1, 

and RPD improved from 1.67 to 1.85. These findings suggest that increasing the augmen-

tation size positively enhanced the predictive performance of the P models, although the 

prediction accuracy remained lower than that achieved for OM and EC. 

Table 3. Prediction performance of the generative adversarial network–convolutional neural net-

work (GAN–CNN) model trained with combined real and generated spectra at increasing augmen-

tation levels (1×–5×), compared with the GAN–random forest (RF) model. Performance metrics in-

clude the coefficient of determination (R2), root mean square error (RMSE), and residual prediction 

deviation (RPD). 

Soil Property    GAN–RF GAN–CNN 

 Generated Selected * Cal R2 RMSE RPD R2 RMSE RPD 

OM (g kg−1) 

77 62 139 0.69 0.88 1.83 0.76 0.78 2.06 

154 125 202 0.71 0.84 1.90 0.77 0.77 2.10 

231 182 259 0.72 0.84 1.91 0.77 0.76 2.11 

308 241 318 0.71 0.85 1.89 0.73 0.83 1.94 

385 311 388 0.70 0.86 1.85 0.82 0.67 2.38 

EC (dSm−1) 

77 73 150 0.67 0.20 1.78 0.64 0.21 1.70 

154 146 223 0.67 0.20 1.77 0.76 0.17 2.09 

231 220 297 0.64 0.21 1.69 0.72 0.18 1.95 

308 289 366 0.64 0.21 1.71 0.78 0.16 2.20 

385 368 445 0.64 0.21 1.67 0.85 0.14 2.56 

P (mg kg−1) 

77 71 148 0.63 3.49 1.69 0.66 3.35 1.76 

154 143 220 0.69 3.18 1.85 0.64 3.49 1.69 

231 215 292 0.68 3.25 1.81 0.67 3.34 1.76 

308 280 357 0.64 3.45 1.70 0.61  3.62 1.63 

385 353 430 0.67 3.31 1.78 0.71 3.15 1.85 

* Cal = original calibration samples (n = 77) + the selected generated spectra. 

Figure 7 illustrates the best results of GAN–CNN models based on the optimal da-

tasets for predicting OM, EC and P compared with the results of the RF benchmark mod-

els. The results demonstrated that the GAN–CNN models always outperformed the RF 

models across all soil properties, indicating the positive effect of data augmentation on 

prediction performance, as higher values of R2 and RPD, and lower RMSE were calcu-

lated. For OM, the GAN–CNN model trained on 384 combined samples achieved the best 

result with R2 of 0.82, RMSE of 0.67 g kg−1, and RPD of 2.38, substantially outperforming 

the RF model (R2= 0.68, RMSE = 0.9 g kg−1, RPD = 1.77). Similarly, for EC, the GAN–CNN 

model developed based on 445 combined samples resulted in high predictive perfor-

mance (R2 = 0.85, RMSE = 0.14 dSm−1, RPD = 2.56), compared with the RF model (R2 = 0.64, 

RMSE = 0.21 dSm−1, RPD = 1.67). The predictive performance of P models was generally 
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lower than that of OM and EC. However, the GAN–CNN model still showed clear im-

provement (R2 = 0.71, RMSE = 3.15 mg kg−1, and RPD = 1.85) relative to RF (R2 = 0.64, RMSE 

= 3.48 mg kg−1, RPD = 1.67). 

 

Figure 7. Scatter plots of the measured versus predicted results of the optimal generative adversarial 

network–convolutional neural network (GAN–CNN) model compared with the results of random 

forest (RF) benchmark models for predicting organic matter (OM, (a,d)), electrical conductivity (EC, 

(b,e)), and available phosphorous (P, (c,f)), based on the validation sets. 

Figure 8 shows the effect of augmentation size on the validation prediction performance, 

indicated as R2 of the GAN–RF and GAN–CNN models for predicting OM, EC, and P. For 

OM, the CNN model always outperformed the RF model at all augmentation levels. The CNN 
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validation R2 gradually increased as more augmented data were added. The best results were 

achieved with the largest augmentation size (5×). The GAN–CNN model based on the 5× aug-

mentation achieved the best validation results with an R2 of 0.82. These results indicate a clear 

improvement of the CNN model compared with the RF baseline developed without augmen-

tation (dashed line, R2 = 0.68). The GAN–RF model showed a notable reduction compared 

with the baseline performance, suggesting no impact of additional synthetic data. Similarly, 

the results of EC models indicate that increasing augmentation size improves the performance 

of GAN–CNN, and the highest results are achieved with R2 (0.85) at the 5× augmentation level. 

The GAN–RF performance remained relatively stable and close to the RF baseline model, with 

an R2 of 0.64, with only small changes across the different augmentation levels. This indicates 

that the GAN–CNN model was better able to exploit the additional variability introduced by 

the generated spectra. For P, the response to augmentation was more variable. The GAN–

CNN model showed a steady improvement with increasing augmentation size, achieving its 

best performance at 5× augmentation (R2 = 0.71). In contrast, the GAN–RF model demon-

strated a consistent decline in performance, indicating an inverse relationship with augmen-

tation level, where performance decreased as augmentation increased. 

 

Figure 8. The effect of data augmentation size on the validation performance is shown as values of 

the coefficient of determination (R2) of generative adversarial network–random forest model (GAN–

RF) and GAN–convolutional neural network (CNN) models for predicting (a) soil organic matter 
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(OM), (b) electrical conductivity (EC), and (c) available phosphorus (P). The horizontal dashed line 

defines the results of the baseline RF model (without augmentation) for each property. 

Figure 9 shows the training and validation loss curves for the optimal CNN–GAN 

models developed for OM, EC, and P. For all three soil properties, both losses decreased 

rapidly during the early epochs, indicating effective learning of the underlying spectral–

soil relationships, followed by a gradual decline and stabilisation, demonstrating model 

convergence. The OM model (Figure 9a) exhibited a smooth, consistent reduction in both 

losses, while the EC model (Figure 9b) converged more gradually with minor fluctuations 

in validation loss. Similarly, the P model (Figure 9c) showed a substantial initial reduction, 

with training and validation losses remaining closely aligned throughout training. This 

pattern was consistently observed across all models. 

 

Figure 9. Training and validation loss curves of the CNN–GAN models for predicting soil properties 

(a) organic matter (OM), (b) electrical conductivity (EC), and (c) available phosphorous (P). 

3.5. The Uncertainty of Predictive Models 

The performance of baseline RF, GAN-RF, and GAN-CNN models for predicting 

OM, EC and P properties was evaluated using PICP at a 90% confidence level (Figure 10). 

The PICP values indicated reliable coverage of the predicted intervals. For OM, the base-

line RF model captured approximately 67% of true values within its prediction intervals. 

GAN-based augmentation improved coverage, with GAN-RF achieving 80% and GAN-
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CNN reaching 91%. Similarly, for EC, the baseline RF model achieved 68% coverage, 

whereas GAN-RF and GAN-CNN increased PICP to 81% and 92%, respectively. The P 

predictions were the most challenging for the baseline RF, with a PICP of 61%. GAN-RF 

and GAN-CNN substantially improved coverage to 69% and 76%, respectively. These re-

sults demonstrate that GAN-CNN consistently increased the PICP values for all soil prop-

erties, indicating both improved reliability and uncertainty quantification in the predicted 

soil properties. 

 

Figure 10. Uncertainty of the baseline random forest (RF), generative adversarial network (GAN)-

RF, and GAN–convolutional neural network (CNN) models for predicting organic matter (OM), 

electrical conductivity (EC), and available phosphorous (P). The proportion of measured soil values 

that fell within the 90% prediction interval is indicated as the number of PICP (prediction interval 

coverage probability). 

3.6. Soil Property Maps and Associated Uncertainty 

The spatial distribution maps highlight the capability of a hyperspectral–multispec-

tral high-resolution fused image to represent fine spatial variability of the soil properties (Fig-

ure 11). The fusion approach effectively transferred hyperspectral information to a finer spa-

tial grid (3 m), enhancing the representation of very detailed soil variability at the field scale. 

The predicted OM map (Figure 11a) revealed substantial within-field variability, with distinct 

spatial structures rather than random patterns. The OM content (10.3–11.5 g kg−1) dominated 

the field with an area of 65.2%, while the highest OM content ranged between 11.5 and 12.8 g 

kg−1 covered 9% of the field, and it appeared as hotspots. The medium OM value (9.3–10.3 g 

kg−1) covered 25.4% of the field. While the lowest OM content (7.4–9.3 g kg−1) represents only 

0.4% of the field, it appears as scattered areas in uncultivated soils with limited fertility. The 

pixel-wise uncertainty map was classified into five RMSE classes to quantify the spatial extent 

of uncertainty. The RMSE map for OM (Figure 11d) showed that low-error areas (0.04–0.09 g 

kg−1) covered 5.26%. In contrast, high-error areas (0.22–0.34 g kg−1) occupied 14.6%, reflecting 

a substantial portion of the study area with elevated uncertainty. Moderate uncertainty (0.094–

0.022 g kg−1) accounted for approximately 80% of the total area, suggesting generally stable 

predictions across most of the field. 

EC map (Figure 11b) showed relatively smoother and more continuous spatial gradients 

compared to OM. Although the range of salinity range remined low (0.7–2.1 dS m−1) in the 

semiarid region, the salinity map revealed pronounced spatial heterogeneity across the field. 

The majority of the field area (67.1%) was dominated by intermediate EC values, with a range 

(1.1–1.7 dS m−1). The low salinity (0.7–1.1 dS m−1) accounted for 0.9% of the field. The highest 

salinity range (1.7–2.1 dS m−1) covered 32% of the field. The RMSE-based uncertainty map 

(Figure 11e) indicated that areas with the lowest prediction errors (0.007–0.02) covered 17.2% 
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of the field’s total area, reflecting zones of high model reliability. In contrast, the highest-error 

areas (0.05–0.09) covered 18.1%, highlighting localised regions where predictions are less cer-

tain. The majority of the field (64.7%) was dominated by moderate uncertainty (0.02–0.05), 

suggesting that predictions are generally stable across most locations. 

The predicted P map (Figure 11c) displayed notable spatial variability across the 

field, with five classes ranging from 10.8 to 22 mg kg−1. Generally, spatial distribution re-

veals low content of P across the field. Most of the field area was dominated by moderate 

P levels ranging from 14.0 to 18.54 mg kg−1, covering 44.6% of the area, forming broad and 

continuous zones indicative of relatively uniform fertility. Lower P values (6.2–11.9 mg 

kg−1) were less extensive, covering 13.8% of the field. In contrast, the highest P values 

(18.5–25.1 mg kg−1) covered the smallest area of 13.7%. The RMSE-based uncertainty map 

for P (Figure 11f) indicated that areas with the lowest prediction errors (0.12–0.21) covered 

4.7%, representing regions of high model reliability. High-error areas (1.02–1.71 mg kg−1) 

covered 18.2% of the field area, highlighting localised zones where predictions are less 

certain. Most of the field area was dominated by moderate uncertainty (0.21–1.02 mg kg−1), 

which covered 77.1% of the area. This distribution demonstrates a controlled uncertainty 

pattern, with moderate errors prevailing and extreme errors limited. 

 

Figure 11. The surface continues map for (a) organic matter (OM), (b) electrical conductivity (EC), 

and (c) available phosphorus (P) obtained using the optimal generative adversarial network–con-

volutional neural network (GAN-CNN) models and fused hyperspectral–multispectral high-reso-

lution image, and the uncertainty maps OM (d), EC (e), and P (f). 
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4. Discussion 

4.1. EnMAP and Synthetic Spectral Data Quality 

The spectral reflectance patterns in the EnMAP spectrum align with the principles of 

vis-NIR spectroscopy. The vis–NIR spectrum is affected by the moderate to high levels of 

OM content [60]. The detected absorption features in the ranges of 1977–2059 nm, 2182–

2232 nm, and >2300 nm relate to overtones and combination bands of O–H, C–H, and N–

H bonds, linked directly to interactions between OM and clay minerals [60,97]. In the vis-

ible range, features between 460 and 582 nm were important, indicating the effect of soil 

iron oxides and organic coatings on reflectance, aligning with findings in the literature 

[60,98,99]. Wavelengths ranging from 1570 to 1630 nm were also essential, corresponding 

with earlier research indicating that these regions identify the OM absorption feature with 

limited soil moisture interference [100]. EC and P showed less distant spectral features 

because of their indirect spectral responses. EC indicates soluble salts and moisture levels, 

resulting in wide, nuanced spectral changes instead of distinct absorption peaks [101]. For 

P, there is no direct spectral response, and its predictive potential is mainly related to the 

relationship with OM, clay composition, and carbonate minerals [60,100]. This clarifies the 

comparatively lower R2 for P compared with OM and EC, a finding which aligns with 

results reported in earlier hyperspectral soil research [102,103]. 

In this study, the cWGAN-GP successfully produced synthetic soil spectra that 

matched the real spectra in both shape and characteristics. This indicates the ability of the 

cWGAN-GP to capture the inherent soil spectral patterns, providing an improvement in 

hyperspectral data augmentation with a limited real sample. The conventional GANs 

based on Jensen–Shannon divergence often suffer from unstable training and mode col-

lapse, which limit their ability to represent the continuous variability of spectral reflec-

tance [104,105]. The Wasserstein GAN (WGAN) framework improves training stability by 

optimising the Wasserstein distance between real and generated data distributions [106]. 

But WGAN may result in unstable optimisation and reduced sample quality as it enforces 

the Lipschitz constraint through weight clipping. The WGAN-GP approach replaces 

weight clipping with a gradient penalty applied to the critic’s gradients with respect to its 

inputs, providing more stable training and improved convergence [75]. The cWGAN-GP 

use the Wasserstein-1 distance to create a smooth and informative learning spectral space 

even between small, diverse real spectra and synthetic spectra [107,108]. This method gen-

erates spectrally consistent samples that better reflect the statistical distribution of real 

hyperspectral data, supporting more robust predictive modelling in remote sensing ap-

plications [109,110]. The proposed framework can generate plausible spectral representa-

tions for indirectly inferred soil properties, such as phosphorus (P), which lacks distinct 

absorption features in the Vis–NIR region and is instead estimated through multivariate 

relationships with spectrally active soil components [60,64]. Although the generated spec-

tra closely matched the distribution of the measured data, preserving the overall spectral 

distribution does not necessarily ensure that the covariance structure underlying these 

indirect relationships is fully maintained. As a result, subtle spectral artifacts affecting 

indirectly inferred properties cannot be completely ruled out, and representation quality 

may be lower for P than for spectrally responsive properties such as EC and OM [60]. 

Future studies should further evaluate whether GAN-generated spectra preserve the 

physicochemical relationships between spectral responses and soil properties, particu-

larly for indirectly inferred attributes such as phosphorus, through dedicated spectral ar-

tifact analyses. Despite this limitation, the proposed framework has considerable potential 

for hyperspectral imaging applications, where reflectance signatures are highly sensitive 

to variations in moisture, mineral composition, and OM [110,111]. 
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This study established a quality control framework for synthetic spectra. The frame-

work leveraging PCA–Mahalanobis distance filtering ensures reliability through the pro-

jection of both real and generated spectra into PC space and evaluating their Mahalanobis 

distances. This method is conceptually similar to the recently suggested “Teacher–Stu-

dent” reliability validation technique utilised in spectral mapping studies of soil salinity 

[41]. This filtering approach ensures accurate selection of only high-quality synthetic spec-

tra with robust correlations with original spectra, while maintaining critical diagnostic 

absorption features linked to soil chemical composition [36,112]. In the current research, 

results showed a promising capability of cWGAN-GP to efficiently expand the spectral 

dataset and address the challenge of a limited dataset in hyperspectral imaging. Recently, 

salinity modelling and mapping have been improved by expanding 110 soil samples with 

1100 reliable synthetic spectra using generative techniques [41]. This is because using a 

generative method enhances spectral datasets and bridges the gaps to develop a more 

robust basis for hyperspectral analysis and mapping with limited samples [35]. It was re-

ported that generative spectral augmentation has significantly improved OC prediction 

in hyperspectral datasets. For example, Jiang et al. [110] reported that adding generated 

spectra from GAN to the calibration set of the CNN model increased the R2 by approxi-

mately 4.6% and reduced RMSE by 18.96% compared with the CNN models trained only 

on real spectra. Similarly, Xia et al. [113] demonstrated that a doubly regularised WGAN-

GP combined with a CNN model improved SOC prediction in tobacco fields with in-

creased R2 from 0.76 to 0.86 and decreased RMSE from 3.48 to 2.64 mg kg−1. These findings 

suggested that high-quality synthetic soil spectra not only augment constrained datasets 

but also improve the accuracy and generalisation of models in hyperspectral analysis. 

4.2. Effect of Data Augmentation on Model Accuracy and Uncertainty 

The performance of deep learning models depends on the availability of sufficiently 

large and representative training datasets, which remains a major challenge in hyperspec-

tral soil analysis. Limited sample sizes increase the risk of overfitting and reduce model 

generalizability, particularly for high-capacity architectures such as CNNs and GANs 

[110,114]. This challenge is further compounded by the high dimensionality and colline-

arity of hyperspectral data, which increase sensitivity to sampling variability and may 

lead to site-specific rather than transferable spectral–soil relationships [35]. To mitigate 

these limitations, a cWGAN-GP-based augmentation strategy was employed to expand 

the calibration dataset approximately five-fold (from 77 to 385 samples), thereby increas-

ing the diversity of spectral patterns available during training. The augmented dataset 

was combined with dropout regularisation and early stopping to reduce overfitting and 

improve model generalisation. Previous studies have demonstrated that GAN-based aug-

mentation can substantially enhance CNN performance under limited-data conditions, 

including soil spectroscopy applications with as few as 42 samples [110], while the com-

bined use of data augmentation and regularisation has been shown to improve model 

stability and predictive performance in data-constrained scenarios [110,115,116]. Never-

theless, synthetic spectra should be regarded as complementary to, rather than replace-

ments for, real observations. The effectiveness of generative augmentation ultimately de-

pends on the quality and representativeness of the original dataset. Therefore, larger and 

more diverse field datasets remain essential for improving model robustness, generaliza-

bility, and transferability across diverse soil types and environmental conditions. 

Despite these limitations, the results suggest that integrating deep generative AI with 

hyperspectral data can enhance CNN performance under data-constrained conditions. 

The cWGAN-GP augmentation strategy increased spectral diversity and contributed to 

improved prediction of OM, EC, and P. These findings are consistent with previous stud-

ies reporting that generative augmentation can better preserve the underlying structure 
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of spectral data than conventional augmentation approaches [35]. Furthermore, CNNs ap-

peared to benefit more from spectral data augmentation than RF models, which depend 

on ensemble decision boundaries instead of continuous spectral feature learning [80]. Ex-

panded spectral datasets may therefore enable CNNs to better capture meaningful rela-

tionships between soil reflectance and soil properties [117,118]. In contrast, CNN models 

without data augmentation tend to focus on spectral noise rather than learning meaning-

ful chemical relationships between soil reflectance and measured properties [44,119]. Con-

sequently, CNN models without data augmentation may suffer from compromised accu-

racy and constrained robustness in hyperspectral analysis [117,120]. The CNN–GAN 

framework demonstrated stable optimisation and effective learning of nonlinear spectral–

soil relationships. The close agreement between the training and validation loss curves 

throughout the training process indicates limited overfitting and good generalisation abil-

ity. The minor fluctuations in the validation loss for EC and P models may be attributed 

to their relatively weak and indirect spectral response. These results are consistent with 

previous studies showing that GAN-based spectral augmentation enhances data diver-

sity, improves model performance, and promotes stable model training in soil property 

prediction [41,121], further supporting the effectiveness of integrating CNN feature learn-

ing with GAN-based augmentation. 

The OM results obtained using the GAN–CNN model demonstrated consistent im-

provements compared to the RF modelling. The results confirm that generative augmen-

tation can effectively capture complex spectral variability related to OM and enhance pre-

dictive performance. At the highest level of augmentation, R2 increased by 25.6% while 

RMSE decreased by 22.2%, indicating a substantial gain in model accuracy. This improve-

ment suggests that augmenting the spectral dataset enhances the representation of non-

linear OM spectral relationships, which are often underrepresented in limited spectral da-

tasets. These results are in agreement with a recent study that reported CNN models 

trained on augmented datasets outperformed RF in predicting SOC [120]. The authors 

used a hybrid framework combining a conditional variational autoencoder with a convo-

lutional neural network (CVAE–CNN) to generate SOC-conditioned spectra and over-

come data scarcity in estimating SOC based on NIR spectra [120]. The improved perfor-

mance can be attributed to the ability of augmented datasets to increase spectral diversity 

and enable deep learning models to better learn nonlinear relationships [120,122]. Im-

portantly, the generated spectra can be interpreted as probabilistic interpolations within 

the OM chemical continuum rather than simple replications of observed samples [44,46]. 

This enables the synthetic data to introduce continuous OM values while preserving the 

underlying feature space, thereby capturing natural soil gradients and enhancing model 

generalisation [46]. This is consistent with previous studies demonstrating that increasing 

the size and diversity of spectral datasets enhances the accuracy of OM prediction 

[119,120]. Moreover, GAN-generated spectra have been shown to improve regression sta-

bility by effectively preserving the inherent reflectance distributions [44,122]. Neverthe-

less, careful validation using independent datasets at different regions remains essential 

to ensure the reliability and transferability of the GAN–CNN models, as the quality of 

synthetic spectra depends strongly on the representativeness and size of the original train-

ing dataset. 

A similar improvement was observed in EC prediction using the GAN–CNN model, 

where spectral data augmentation significantly enhanced predictive performance. Specif-

ically, R2 increased by 31.3%, and RMSEP decreased by 33.2% after 385 synthetic samples 

were incorporated into the calibration dataset. These results suggest that data augmenta-

tion effectively enhances the representation of spectral variability associated with soil sa-

linity levels, particularly under conditions of limited sample availability. CNNs are well-

suited for hyperspectral analysis, as they can capture local spectral patterns and depend-
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encies across adjacent wavelengths, allowing them to detect subtle spectral variations 

linked to complex scattering behaviours [120,122]. Moreover, the cWGAN-GP approach 

can generate realistic synthetic spectra that enhance model robustness and generalisation 

through improved feature learning [117]. These results are consistent with recent hyper-

spectral generative modelling research demonstrating that Wasserstein-based GAN archi-

tectures improve salinity modelling reliability under environmental variability conditions 

[41]. This is particularly important, as soil salinity signatures are governed primarily by 

indirect scattering effects, surface salt crystallisation, and moisture–salt interactions rather 

than distinct absorption features [41,101]. Consequently, salinity prediction is highly sen-

sitive to dataset sparsity and spectral heterogeneity, further emphasising the importance 

of spectral data augmentation. 

As expected, the prediction performance of all P models was lower than that of the 

OM and EC models. Indeed, accurate prediction of P using NIR spectral data remains 

difficult because of its weak and indirect spectral signature. P lacks distinct diagnostic 

absorption features in the vis–NIR region and is therefore estimated indirectly through its 

associations with spectrally active soil components, including iron oxides, clay minerals, 

and organic matter [60,87]. Therefore, the response of P is often masked by stronger spec-

tral responses from the dominant mineral, making robust prediction difficult. However, 

in this study, the predictive performance improved substantially after applying spectral 

data augmentation. The R2 increased by 9%, while RMSEP decreased by 8.2%, reaching 

an optimal prediction of R2 = 0.71 and RMSEP = 3.15 mg kg−1 following the addition of 385 

generated spectra. These results are in line with those reported by recent research on esti-

mating soil properties based on indirect spectral responses [110,123,124]. Specifically, Vul-

laganti et al. [124] observed an increase in prediction accuracy with R2 values increasing 

from 0.44 to 0.68 when using spectral data augmentation. Furthermore, Jiang et al. [110] 

demonstrated that GAN-generated spectral augmentation (15–240 samples) improved 

CNN-based P prediction with an 8.3% increase in R2 and a 35.7% reduction in RMSEP. 

These findings highlight the role of augmentation in capturing nonlinear hyperspectral–

soil relationships [125,126]. Consequently, CNN with data augmentation resulted in per-

formance enhancements of 33–42% in predicting soil properties, including P [126]. This 

improvement can be attributed to the ability of generative augmentation to expand the 

spectral feature space while maintaining consistency with target nutrient values. As a re-

sult, the synthetic samples preserve the statistical characteristics of real spectra and follow 

the underlying soil spectral distribution [120,122]. This expansion of the dataset enables 

models to better capture indirect spectral variations associated with P and soil properties 

interactions [110,124]. The PICP analysis reveals significant improvements in model pre-

dictions through spectral data augmentation. The baseline RF model demonstrated sub-

stantial under-coverage with PICP values (61–68%), indicating that traditional ML models 

trained on limited datasets produce overly narrow prediction intervals. Such under-cov-

erage reflects a common limitation where conventional uncertainty estimation methods 

fail to adequately capture the true variability in soil spectral data [127]. The incorporation 

of GAN-based data augmentation substantially improved PICP performance, with the 

GAN-RF models (69–81% coverage). This improvement demonstrates that enhanced da-

taset diversity through synthetic data generation enables models to better approximate 

the true data distribution and provide more realistic uncertainty estimates. The benefits 

of data augmentation are supported by findings of Liu et al. [128], who showed that spec-

tral data fusion techniques significantly enhanced prediction accuracy of key soil proper-

ties including SOM, total nitrogen (TN), and available potassium (AK) with R2 improve-

ments ranging from 0.06 to 0.41, indicating that increased data diversity directly translates 

to improved model performance and uncertainty quantification. The GAN-CNN model 

achieved the most well-calibrated results with PICP values near-optimal coverage values 

https://doi.org/10.3390/rs18142320


Remote Sens. 2026, 18, 2320 29 of 40 
 

https://doi.org/10.3390/rs18142320 

(76–92%), indicating excellent model calibration. The superior performance of the CNN 

approach is further validated by Omondiagbe et al. [129], who showed that Bayesian 

CNNs outperformed traditional methods across multiple soil properties due to their en-

hanced capacity to model non-linear relationships in spectral data. The progressive im-

provement in PICP values from baseline RF to GAN-CNN clearly demonstrates the syn-

ergistic effects of data augmentation and advanced modelling approaches on uncertainty 

quantification. Consequently, PICP values close to the nominal confidence level are cru-

cial for reliable uncertainty estimation in soil spectral modelling [130]. Uncertainty in this 

study was evaluated at the prediction stage using Prediction Interval Coverage Probabil-

ity (PICP) and pixel-wise uncertainty mapping, which together provide quantitative and 

spatially explicit measures of predictive reliability. The image fusion model was inde-

pendently validated through spectral reconstruction accuracy (Table 2), whereas uncer-

tainties associated with the fusion process were not explicitly propagated to the subse-

quent prediction model. Consequently, the reported uncertainty reflects the reliability of 

the final predictions rather than cumulative uncertainty across the complete fusion–pre-

diction workflow. Future research will investigate end-to-end uncertainty propagation 

using probabilistic frameworks, such as Bayesian deep learning and Monte Carlo-based 

stochastic sampling, to quantify the cumulative effects of uncertainty throughout the pro-

cessing chain. 

4.3. Data Fusion and High-Resolution Soil Mapping 

Traditional image fusion methods are often limited in effectively integrating high-

resolution multispectral imagery with hyperspectral data [131]. These approaches fre-

quently fail to preserve both detailed spectral absorption features and fine spatial struc-

tures that are essential for accurate DSM [132,133]. In contrast, deep learning fusion meth-

ods, such as CNN and U-Net, can learn complex nonlinear relationships between sensors 

and extract hierarchical spectral–spatial features [134–136], enabling more effective inte-

gration of multispectral and hyperspectral information [137,138]. To overcome this chal-

lenge, this study developed a one-dimensional U-Net architecture to transform Super-

Dove multispectral information into hyperspectral outputs comparable to EnMAP data. 

The skip connections embedded within the U-Net allow efficient information flow be-

tween the encoder and decoder layers, providing important spatial and spectral features 

during reconstruction. This vital transformation process helps the model to maintain both 

low-level spatial features and high-level spectral representations during the reconstruc-

tion process. Consequently, the fused dataset maintains the high spatial resolution of Su-

perDove (~3 m) while incorporating hyperspectral absorption features associated with 

soil components. This enhanced spectral–spatial fusion is vital for detecting soil variabil-

ity that is often undetectable with a single sensor. The deep learning methods can improve 

the fusion between hyperspectral and multispectral data by acquiring nonlinear hierar-

chical features and maintaining spatial–spectral integrity [110,132,136]. These advance-

ments highlight the importance of deep generative models in enhancing remote sensing 

data fusion for accurate DSM [131,138]. However, the deep learning fusion models’ pre-

diction performance is highly dependent on the availability and quality of paired training 

datasets, which might not be accessible in various regions or timeframes [136,138]. More-

over, spectral translation models may introduce uncertainties when going beyond the 

spectral characteristics existing in the training dataset [138]. Therefore, the integrated U-

Net fusion and GAN–CNN prediction in the framework represent an effective approach 

for producing very high-resolution DSMs. The proposed method integrates deep spectral 

fusion with deep generative data augmentation to produce soil maps at 3 m resolution, 

thus enabling the detection of within-field micro-variability in soil properties [139]. These 

maps can explore spatial variability of OM accumulation, EC hotspots, and P with great 
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detail, better than those maps of 20–30 m resolution based on medium-resolution sensors 

[140]. Therefore, this deep learning strategy is better for preserving landscape features at 

different spatial scales [141]. The deep learning fusion strategy not only reconstructs high 

spatial–spectral content but also enables models to generalise to heterogeneous land-

scapes [35]. These achievements are significant for providing high-resolution soil property 

maps that directly support precision agriculture applications, including variable-rate fer-

tilisation and site-specific nutrient management [36,139]. More importantly, detailed soil 

variability information is essential for site-specific management, as DSM enables more ef-

ficient and accurate characterisation of spatial soil heterogeneity [139]. This AI framework 

offers an effective tool by integrating expanded spectral datasets with field-scale spatial 

information to produce very high-resolution soil maps [35,36,142]. The architectural com-

parison demonstrated the advantage of the proposed 1D U-Net over the three alternative 

architectures, consistently yielding the highest reconstruction accuracy for EnMAP–Su-

perDove spectral data fusion. The full model consistently outperformed the three alterna-

tive architectures, achieving the highest R2 (0.94) and the lowest RMSE, MAE, and SAM 

values. The performance degradation observed after removing the skip connections or 

reducing the encoder–decoder depth confirms that both components contribute to accu-

rate spectral reconstruction. Skip connections facilitate the transfer of low-level spectral 

features from the encoder to the decoder, reducing the loss of fine spectral information 

during downsampling. Combined with the deeper encoder–decoder architecture, they en-

able effective multi-scale feature learning, resulting in more accurate hyperspectral recon-

struction. These observations are consistent with the original U-Net design and subse-

quent studies highlighting the importance of skip connections and hierarchical feature 

fusion for hyperspectral image reconstruction and fusion [69,143–145]. Nevertheless, this 

study focused on evaluating the proposed deep learning-based fusion framework against 

alternative deep learning architectures within a single study area. It did not include com-

parisons with conventional hyperspectral–multispectral fusion methods, such as compo-

nent substitution (CS) and multi-resolution analysis (MRA), which were beyond the scope 

of the present work. Although the proposed 1D U-Net demonstrated promising perfor-

mance, comprehensive benchmarking against established fusion techniques and evalua-

tion across diverse sensors, geographic regions, and environmental conditions are needed 

to confirm its broader applicability for DSM. 

4.4. Limitations and Future Work 

Despite the promise of deep generative AI, limited validation data and spatial coverage 

restrict the model’s performance and generalisation. A major limitation is the size and qual-

ity of reference data for CNN models’ validation to produce accurate predictions. Soil sam-

pling and laboratory analyses using traditional wet chemistry are costly, tedious, time con-

suming, hence, they can prevent the availability of sufficient datasets, forcing validation to 

be done with a small dataset [35]. A small validation set may result in unstable and overly 

optimistic evaluation metrics that lead to biased estimates of model accuracy, as it may not 

capture the full variability of soil conditions [35,36]. This limitation is particularly critical for 

OM, EC, and P, where spatial heterogeneity and complex spectral responses require diverse 

samples for reliable evaluation. As a result, the model may perform well within the study 

area but show reduced robustness when applied to new conditions, reflecting limited trans-

ferability. Moreover, model evaluation was based on the mean ± standard deviation of R2, 

RMSE, and RPD obtained from 10 repeated 5-fold cross-validation, together with an inde-

pendent validation dataset derived from the same study area. Although repeated cross-val-

idation provides a more robust and statistically reliable estimate of model performance than 

a single random split, random partitioning of spatially correlated soil and hyperspectral 

data may still introduce dependence between calibration and validation samples, poten-
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tially resulting in optimistic performance estimates. Consequently, the reported accuracies 

may partially overestimate the model’s ability to generalise to independent locations. There-

fore, future studies should adopt spatially explicit validation strategies, such as spatial block 

cross-validation or leave-one-cluster-out validation, to provide a more realistic assessment 

of model transferability and predictive performance in spatially structured datasets 

[146,147]. Such constraints are widely recognised in DSM, where models developed on 

small, homogeneous datasets tend to capture site-specific patterns rather than generalizable 

relationships [148,149]. Furthermore, soil spectral responses are further influenced by vari-

ations in mineral composition, organic matter, moisture, and surface conditions, which re-

duce models’ transferability across regions [150,151]. 

The generated 3 m hyperspectral image represents a statistically reconstructed da-

taset rather than a direct hyperspectral observation. Consequently, the resulting pixels 

should be regarded as pseudo-hyperspectral representations, whose spectral signatures 

are inferred from the learned relationship between SuperDove multispectral imagery and 

EnMAP hyperspectral observations. This interpretation is consistent with the broader 

field of hyperspectral image super-resolution, which aims to reconstruct high-spatial-res-

olution hyperspectral data by integrating low-resolution hyperspectral observations with 

complementary high-resolution imagery [152,153]. Therefore, the reconstructed pixels 

should be viewed as statistically estimated representations of spectral information rather 

than measurements acquired by an actual 3 m hyperspectral sensor. Despite this limita-

tion, reconstructed hyperspectral products can enhance the spatial representation of spec-

tral variability and support downstream applications, particularly DSM and precision ag-

riculture [152,154]. However, their physical consistency, uncertainty, and transferability 

remain important research challenges. Accordingly, further validation using airborne or 

field-scale hyperspectral observations is needed to assess their practical significance, 

quantify associated uncertainties, and evaluate their robustness across diverse soil land-

scapes and environmental conditions [154,155]. 

A further limitation of this study is that scale effects were not explicitly evaluated. 

The proposed framework integrates point-based soil observations, 30 m EnMAP hyper-

spectral imagery, and 3 m SuperDove multispectral imagery, each representing different 

spatial supports. Consequently, the transferability of spectral–soil relationships across 

scales may be influenced by spatial heterogeneity, mixed-pixel effects, and scale mis-

matches. Accordingly, the generated 3 m DSM products should be interpreted as spatially 

enhanced representations derived from the original 30 m hyperspectral information ra-

ther than independent high-resolution observations. Moreover, deep learning models can 

complicate the interpretation of predictions and the connections between spectral features 

and soil properties. Although these models often achieve superior predictive perfor-

mance, their inherent opacity makes it difficult to discern how specific inputs influence 

the output. Consequently, this lack of interpretability can undermine user confidence, par-

ticularly among agronomists who rely on decision-support tools for practical applications 

such as soil management—where transparency in the underlying reasoning is essential 

for informed and reliable decision-making [35,156]. 

Future research should evaluate the proposed framework across a wider range of 

environments, soil types, and climatic conditions to further assess its robustness and gen-

eralizability. In addition, multi-scale validation and scale transfer analyses are needed to 

quantify uncertainties associated with spatial scaling and model transferability, and to 

determine the extent to which reconstructed high-resolution products accurately capture 

fine-scale soil variability and spatial heterogeneity. Building on these limitations, future 

studies should focus on enhancing the stability, scalability, and clarity of deep generative 

AI frameworks in DSM. Particular attention should be given to uncertainty quantification 

and explainable AI approaches to enhance confidence in model predictions and facilitate 
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their practical adoption. A promising solution can be a model-based multi-sensor data 

fusion that integrates satellite images, hyperspectral data, terrain characteristics, and 

proximal soil sensing data. Merging auxiliary datasets enables models to better detect spa-

tial, spectral, and environmental variability compared to single-sensor methods [124,131]. 

In addition, Advances in sensor technology, cloud computing, and automated machine 

learning are expected to enhance large-scale analysis of multi-source datasets, enabling 

more efficient and scalable soil mapping systems. Future DSM systems are expected to 

shift from static soil maps to adaptable monitoring frameworks that capture seasonal 

changes, effects of crop growth, and enduring soil transformations. These systems can 

combine sensor networks, remote sensing data, and AI algorithms to enable soil monitor-

ing and precise management in precision agriculture [157,158]. This integrated system re-

quires enhanced data sharing, uniform soil data standards, and increased cooperation 

among soil scientists, remote sensing experts, and AI researchers. 

5. Conclusions 

This study demonstrates the potential of a framework that integrates GAN-based hy-

perspectral augmentation (cWGAN-GP), CNN modelling, and high-resolution multi-

source data fusion to improve the prediction of key soil properties (OM, EC, and P) in a 

heterogeneous agricultural field. The cWGAN-GP successfully generated synthetic spec-

tra that closely reproduced both the statistical distributions and chemically meaningful 

absorption features of real calibration data. Furthermore, PCA–Mahalanobis filtering en-

sured that only physically realistic spectra were included. These augmented datasets sub-

stantially increased the size and diversity of calibration samples, allowing CNN models 

to exploit complex, non-linear spectral–spatial relationships and consistently outperform 

benchmark RF models. These improvements in predictive performance were visible for 

OM and EC, with optimal R2 and RPD values achieved at the highest augmentation levels. 

The P predictions improved, but less than other properties and benefited from careful 

balancing of synthetic and real samples. The combination of generated spectra and CNN 

modelling represents an advanced method in digital soil mapping, addressing long-

standing limitations of limited field sampling and conventional ML methods. 

By fusing EnMAP hyperspectral and SuperDove high-resolution imagery, the frame-

work produces 3 m continuous soil property maps that detect fine soil variability. These 

maps revealed variability in OM content, EC gradients, and localised P zones that reflect 

management practices and pedogenic processes. These very high-resolution and spatially 

continuous maps provide actionable information for salinity monitoring and site-specific 

nutrient management in precision agriculture. This integrated AI framework can offer fu-

ture spatiotemporal soil mapping and monitoring for sustainable land management. 
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Appendix A 

Table A1. Mean ± standard deviation of the performance metrics based on repeated 10 × 5-fold 

cross-validation for the GAN–CNN and GAN–RF models using combined real and generated spec-

tra at increasing augmentation levels (1×–5×). Performance was evaluated using the coefficient of 

determination (R2), root mean square error (RMSE), and residual prediction deviation (RPD). 

    GAN–RF GAN–CNN 

Property * Gen * Sel * Cal R2 RMSE RPD R2 RMSE RPD 

OM 

(g kg−1) 

77 62 139 0.78 ± 0.041 0.72 ± 0.052 2.36 ± 0.17 0.83 ± 0.036 0.60 ± 0.046 2.65 ± 0.19 

154 125 202 0.81 ± 0.038 0.69 ± 0.047 2.46 ± 0.17 0.84 ± 0.033 0.58 ± 0.042 2.76 ± 0.19 

231 182 259 0.83 ± 0.035 0.67 ± 0.045 2.54 ± 0.17 0.87 ± 0.031 0.55 ± 0.040 2.96 ± 0.20 

308 241 318 0.82 ± 0.036 0.68 ± 0.046 2.49 ± 0.17 0.85 ± 0.032 0.57 ± 0.041 2.86 ± 0.19 

385 311 388 0.81 ± 0.034 0.69 ± 0.044 2.45 ± 0.16 0.88 ± 0.029 0.54 ± 0.038 3.05 ± 0.20 

EC 

(dS m−1) 

77 73 150 0.74 ± 0.044 0.17 ± 0.017 2.21 ± 0.22 0.81 ± 0.038 0.14 ± 0.015 2.48 ± 0.25 

154 146 223 0.76 ± 0.041 0.16 ± 0.016 2.28 ± 0.22 0.84 ± 0.034 0.13 ± 0.014 2.75 ± 0.28 

231 220 297 0.78 ± 0.039 0.15± 0.015 2.36 ± 0.23 0.86 ± 0.032 0.12 ± 0.013 2.95 ± 0.30 

308 289 366 0.77 ± 0.040 0.160 ± 0.016 2.32 ± 0.23 0.85 ± 0.033 0.13 ± 0.013 2.85 ± 0.29 

385 368 445 0.76 ± 0.038 0.16 ± 0.015 2.26 ± 0.21 0.89 ± 0.029 0.11 ± 0.012 3.29 ± 0.35 

P 

(mg kg−1) 

77 71 148 0.72 ± 0.046 2.85 ± 0.214 2.05 ± 0.15 0.78 ± 0.040 2.56 ± 0.187 2.28 ± 0.17 

154 143 220 0.76 ± 0.043 2.67 ± 0.198 2.18 ± 0.16 0.81 ± 0.037 2.42 ± 0.173 2.41 ± 0.17 

231 215 292 0.79 ± 0.040 2.53 ± 0.186 2.31 ± 0.17 0.82 ± 0.035 2.31 ± 0.161 2.45 ± 0.18 

308 280 357 0.78 ± 0.041 2.59 ± 0.191 2.25 ± 0.17 0.83 ± 0.036 2.30 ± 0.166 2.48 ± 0.18 

385 353 430 0.77 ± 0.039 2.64 ± 0.185 2.21 ± 0.15 0.85 ± 0.033 2.18 ± 0.152 2.67 ± 0.19 

* Gen = generated, * Sel = selected, * Cal = original calibration samples (n = 77) + the selected gener-

ated spectra. 
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