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Abstract

Crop recommendation systems play a crucial role in precision agriculture by enabling informed decisions about which crops to cultivate in a
specific location. However, their performance is often hindered by the inherent scarcity, imbalance, and regional bias of tabular agricultural
datasets. These limitations reduce the reliability and generalizability of crop recommendation models, especially in data-scarce regions. Existing
synthetic data generation methods, such as the Synthetic Minority Oversampling Technique (SMOTE) and variational autoencoders (VAEs),
struggle to handle high-dimensional, structured agricultural data with categorical variables. Moreover, existing generative adversarial networks
(GANSs) are primarily image-focused. This study proposes a re-engineered GAN, termed the Crop Recommendation GAN (CropGAN), to
generate tabular, multi-crop recommendation data using a class-conditioning mechanism. The framework was designed to handle complex,
non-linear datasets with both numerical and categorical variables, addressing dataset size, imbalance, and limited diversity in multi-crop datasets.
CropGAN was trained on a dataset of 5,000 samples with 10 crop classes and evaluated against SMOTE and VAE using statistical data-quality and
classification-performance metrics. In terms of data-quality assessment, SMOTE best preserved the original data distributions, while CropGAN
introduced greater diversity in the synthetic datasets. In terms of classification performance, models trained on CropGAN-generated samples
consistently achieved the highest performance, with the support vector machine (SVM) yielding the best accuracy of 99.4%. This result suggests
that adversarial learning can be adapted for tabular agricultural datasets to improve the performance of crop recommendation systems in data-
scarce regions.
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1. Introduction temperature, and rainfall to suggest crops likely to thrive in
given locations and environmental conditions [3-5]. However,
the performance of crop recommendation models solely perfor-
mance depends on dataset size, balance, and diversity[2]. Con-
versely, crop recommendation datasets are usually scarce and
limited in size, highly imbalanced, and less diverse, thus limit-
ing the generalizability and reliability of such models [6].

Crop recommendation models analyse soil and climatic at-
tributes to support data-driven decisions on which crops to plant
at specific locations [1, 2]. In particular, they use variables
such as soil pH, nitrogen (N), phosphorus (P), potassium (K),
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As such, these dataset limitations are particularly pronounced,
leading to minority classes like pepper and yams often contain-
ing fewer than 50 instances, compared to rice with over 500
instances. This results in a dataset imbalance ratio exceeding
1:10. This imbalance often introduces bias in model training
to the detriment of the minority classes, which affects model
reliability [2, 7].

Several approaches, ranging from oversampling techniques
to generative models, have been developed to address the chal-
lenges of data scarcity and class imbalance. Despite these ef-
forts, these techniques have accompanying limitations. For
instance, the Synthetic Minority Over-Sampling Technique
(SMOTE) addresses data imbalance by linearly interpolating
between the minority class instances. Though effective for han-
dling imbalance, SMOTE is limited in capturing complex, non-
linear soil and climatic features, leading to duplication of data
samples [8, 9]. Variational autoencoders (VAEs) generate syn-
thetic samples via a latent compression process. The imposed
latent compression or regularisation often levels out the class
labels, limiting its effectiveness in multi-class crop recommen-
dation datasets [9, 10].These limitations motivated the need to
explore generative frameworks with the inherent ability to han-
dle complex dataset features while preserving their class labels.

The advent of Generative Adversarial Networks (GANS),
which uses an adversarial training process with the ability to
handle complex, non-linear and linear dataset features, has
brought a paradigm shift in data augmentation. GANs have
exhibited strong performance in agricultural image-based tasks
like crop and weed segmentation, pest and disease detection
[11-14]. However, most implementations of GAN in agricul-
ture focus on image-based datasets. These models may not
be directly adopted to augment crop recommendation datasets,
which are text-based comprising categorical and numerical in-
stances. The lack of a tailored GAN framework for crop recom-
mendation datasets represents a significant research gap, espe-
cially in data-scarce regions where data augmentation can im-
prove crop recommendation models.

To address this challenge, this study re-engineered the
traditional GAN architecture, now referred to as Crop-
recommendation GAN (CropGAN), for the synthetic genera-
tion of multi-crop recommendation datasets. CropGAN mod-
ifies the traditional GAN framework by integrating a class-
conditioning mechanism for multi-class processing, capable of
handling complex, non-linear features. The purpose is to ad-
dress dataset scarcity, imbalance and lack of diversity of multi-
crop recommendation datasets. This synthetic generation of re-
alistic and balanced dataset samples by the CropGAN frame-
work significantly enhances the performance of crop recom-
mendation models, useful in data-scarce regions.

The specific contributions of this study remain:

i. Adaptation of the traditional GAN architecture to gener-
ate crop recommendation datasets with both numerical and
categorical features.

ii. Integration of class-aware mechanism for handling class
imbalance in multi-crop recommendation datasets.
iii. A detailed evaluation of CropGAN against alternative
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Figure 2: The CropGAN architecture.

methods (SMOTE and VAE) using both statistical data-
quality and model performance metrics.

iv. Empirical validation of CropGAN using both ML and DL
models for crop recommendation tasks in data-scarce re-
gions.

The remainder of the work is organised into four sections:
Section 2 focuses on the empirical review relating to the study.
Section 3 discusses the methodology, including the experimen-
tal settings and procedures. Furthermore, section 4 presents and
discusses the experimental results of CropGAN. Lastly, section
5 provides a recap of the study and concludes with specific rec-
ommendations for future work.
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Table 1: Sample of the original dataset utilised in the study.

N P K temp hum ph rainf soil label
0 40 27 45 21.66 9479 5.89 11243 sandyloam guinea_corn
1 120 7 47 2425 83.04 6.65 5477 loamyclay pepper
2 102 11 47 2799 9278 6.50 27.15 sandy loam tomatoes
3 5 25 6 30.72 94.01 6.01 106.81 loamy orange
4 36 43 21 2836 8486 7.14 5293  loamy yam
4995 120 20 45 25.67 8870 6.11 5423 loamyclay pepper
4996 36 55 20 27.01 8434 6.64 5530 loamy yam
4997 37 56 25 2206 19.60 5.77 126.73 clay beans
4998 68 57 43 26.09 80.38 5.71 18290 clay rice
4999 88 17 52 2990 90.75 6.65 25.38 sandy loam tomatoes
5000 rows X 9 columns
Table 2: Sample of the CropGAN generated dataset.
N P temp  hum ph rainf  soil label
0 85.00 58.00 41.00 21.77 80.32 7.04 226.66 0.0 6.0
1 3.00 9.00 45.00 23.89 89.62 654 10462 30 2.0
2 42.00 67.00 77.00 1899 1594 6.11 7871 1.0 7.0
3 32.00 13.00 42.00 23.50 9298 5.79 106.62 3.0 2.0
4 106.00 21.00 52.00 28.90 94.79 6.29 23.04 3.0 8.0
5995  0.35 001 014 012 014 005 029 00 9.0
5996  0.08 020 013 010 009 010 012 00 9.0
5997  0.01 000 012 0.16 010 0.04 021 00 9.0
5998  0.03 029 003 0.06 048 0.02 0.12 1.0 9.0
5999  0.17 0.01 003 026 047 0.11 043 0.0 9.0

10000 rows x 9 columns

GAN Training Loss (Aggregated Across Classes, Early Stopping)

—— Discriminator Loss (avg)
Generator Loss (avg)
D +15sD
G +£15sD

- Mean Early Stop (epoch 44)

14 4

12 4

10 4

Loss

0 10 20 30 40 50 60 70
Epochs

Figure 3: CropGAN training loss plot.

2. Empirical studies

The empirical review of existing studies on synthetic-data-
generating models was thoroughly examined in this section.
The existing synthetic approaches considered in the review in-
clude SMOTE, VAE and GAN models, often used to enhance
precision agricultural systems. These approaches are themati-

cally reviewed as presented in the subsequent subsections.

2.1. SMOTE-enhanced models in precision agriculture (PA)

The problem of dataset imbalance has been a persistent
challenge across several fields, including agriculture. Innova-
tive solutions to address this challenge led to the advent of
the Synthetic Minority Over-sampling Technique (SMOTE) ap-
proach. SMOTE interpolates the minority classes to produce
artificial data samples, thereby addressing class imbalance and
increasing sample size. Therefore, this section reviews existing
works on SMOTE and its variants as it establishes the base for
this study. In this regard, Sarkar, Zhou, Scaboo, Zhou, Aloysius
and Lim [15] developed a framework for addressing imbalance
in image datasets by combining the Synthetic Minority Over-
sampling Technique and Edited Nearest Neighbours (SMOTE-
ENN). SMOTE-ENN was applied to an image dataset compris-
ing 1,266 samples to evaluate the breeding condition of soybean
lodging. The Extreme Gradient Boosting (XGBoost), Random
Forest (RF), K-Nearest Neighbour (KNN), and Artificial Neural
Network (ANN) were trained on the dataset. Results indicate
that the model achieved 96% accuracy, demonstrating the effec-
tiveness of the hybrid oversampling method. Cuenca-Romero,
Apolo-Apolo, Rodriguez Vazquez, Egea and Pérez-Ruiz [16]
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Table 3: Models hyperparameter configurations.

Model Parameters and values

Random forest Number of trees = 50; Maximum depth = 2, and Random_state = 42

Support vector machine Kernel = RBF; Regularisation parameter(C) = 0.03; and Random_state = 42

(SVM)

XGBoost Number of estimators = 5; Maximum depth = 2; Learning rate = 0.5; Subsample =

Convolutional neural net-
work (CNN)

Long Short-Term Memory

0.2; Column subsample = 0.2; Evaluation metric = mlogloss; and Random state = 42
Number of convolution layers =2; Hidden units = {64, 128}; Kernel size = 3; Dropout
= 0.6; Dense layer = 64; Optimizer = Adam(lr = 0.001); Batch size = 32; Maximum
epochs = 500(early stopping)

LSTM layers = {64, 32}; Dropout = 0.7; Dense layer = 64 units; Activation = ReL.U,

(LSTM) Dropout = 0.7), Optimizer = Adam; Batch size = 32; and Maximum epochs = 500
(early stopping)

CropGAN (Genera- Generator: Dense(128, activation = ReLU, BatchNormalization(), Dense(64, activa-

tor/Discriminator) tion= ReL.U), BatchNormalization(), Dense(input_dim, activation = linear); Discrim-
inator: Dense(64, activation = ReLLU, Dropout1(0.3), Dense(32, activation = ReLLU),
Dropout(0.3), Dense(1, activation = sigmoid), Loss = Wasserstein loss with gradient
penalty(WGAN-GP), optimizer = Adam, Ir = 0.0001, 8; = 0.5 and 8, = 0.9.)

Variational Autoencoder Encoder: dense layers = 2 (64, 128 units, ReL.U), latent_dim =10, 8 = 0.001; Decoder:

(VAE) dense layers = 2 (64, 128 units, ReLU, sigmoid), optimiser = Adam, Ir = 0.001, Batch

size =32, epochs=500

SMOTE (for data augmenta- sampling_strategy = target_samples_per_class (1000), k_neighbors = 1, ran-
tion) dom_state = 42
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Figure 4: The PCA plots for the original and CropGAN datasets.

Table 4: Statistical metrics analysis.

Dataset JSI SRC KSS WD JSD

Original 1.0000 1.0000 0.0000 0.0000 0.0000
SMOTE 1.0000 1.0000 0.0290 0.0480 0.0950
VAE 1.0000 1.0000 0.0890 0.1440 0.1450
CropGAN 1.0000 1.0000 0.0940 0.1670 0.1610
Hybrid-SMOTE 1.0000 1.0000 0.1350 0.1740 0.3450
Hybrid-VAE 1.0000 1.0000 0.1450 0.1860 0.3470
Hybrid-GAN 1.0000 1.0000 0.1220 0.1540 0.3170

employed SMOTE to balance hyperspectral data to improve the
detection of yellow and brown rust in wheat farms. Artificial

Neural Networks (ANN), Support Vector Machines (SVM),
Random Forests (RF), and Gaussian Naive Bayes (GNB) were
4
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Figure 5: The t-SNE plots for the original and CropGAN datasets.

Table 5: Performance summary of models across dataset types.

Dataset Model Accuracy Precision Recall Fl-score
Original SVM 0.985 09866 0985  0.9843
XGBoost 0.966 09714 0966  0.9656
LSTM 0.930 09480 0930  0.9258
RF 0.940 0.9009 0940 09163
CNN 0.895 0.9265 0.895  0.8843
CropGAN SVM 0.994 09942 0994  0.9939
RF 0.986 0.9871 0.986  0.9860
XGBoost 0.979 09818 0979  0.9788
LSTM 0.972 0.9743 0972 0.9696
CNN 0.926 09529 0926 09188
Hybrid-CropGan SVM 0.985 09866 0985  0.9843
XGBoost 0.966 09714 0966  0.9656
LSTM 0.955 0.9630  0.955  0.9445
RF 0.940 0.9009 0940 09163
CNN 0.781 0.7444  0.781  0.7213

trained on the SMOTE-enhanced dataset. Evaluation results
indicate that for yellow rust detection, RF outperformed with
70% accuracy, while SVM outperformed with 63% accuracy
for detecting brown rust. Senapaty, Ray and Padhy [17]
used SMOTE to address class imbalance and trained Logis-
tic Regression, Decision Tree, K-Nearest Neighbour, Support
Vector Machine, Random Forest, Gradient Boosting, Bagging
Tree, XGBoost, AdaBoost, CatBoost, Histogram-Based Gradi-
ent Boosting, Stochastic Gradient Descent Classifier (SGDC),
and Multinomial Naive Bayes algorithms. Experimental results
indicate that SGDC achieved an excellent result of 1.00 accu-
racy, with sensitivity and specificity values of 0.91 and 0.54,
respectively. Similarly, Iorzua, Kwaghtyo, Hule and Ibrahim
[2] employed SMOTE to mitigate class imbalance and used the
balanced dataset to train Random Forest, Decision Tree, Naive
Bayes, Logistic Regression, and Extreme Gradient Boost (XG-
Boost) algorithms for recommending suitable crops to plant.
Experimental results show that XGBoost outperformed the rest
of the algorithms with 99.65% accuracy. Rahat, Ghosh, Dara

and Kant [13] applied SMOTE to address class imbalance using
the pixel values extracted from 4,000 image datasets to train the
CNN model. Evaluation results demonstrate that the SMOTE-
enhanced framework outperformed other models, having 99%
accuracy, while precision and recall yielded 0.95 and 0.98, re-
spectively. Sapkal and Kadam [18] applied SMOTE to miti-
gate class imbalance to enhance the performance and robust-
ness of a crop recommendation system. Experimental results
indicate that the XGBoost model yielded the best performance
of 93.82% accuracy.

2.2. VAE-enhanced models in precision agriculture

Attempts to address the limitations of the SMOTE method
led to the introduction of the Variational Autoencoders (VAEs)
method for addressing data scarcity and imbalance. This sec-
tion, therefore, reviews existing studies on VAE-enhanced mod-
els in precision agriculture as it forms the background for this
study. Consequently, Iatrou, Karydas, Tseni and Mourelatos
[19] used a Variational Autoencoder (VAE) to address dataset
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Table 6: Ablation results for benchmarking CropGAN performances.

Dataset Model Accuracy Precision Recall Fl-score
SMOTE-only LSTM 0.998 0.9980 0.998  0.9980
SVM 0.987 0.9893 0.987  0.9872
XGBoost 0.961 0.9683 0.961 0.9604
RF 0.927 0.9671 0.927  0.9188
CNN 0.677 0.6634 0.677  0.6219
Hybrid-SMOTE SVM 0.985 0.9866 0.985  0.9843
XGBoost 0.966 0.9714 0.966  0.9656
LSTM 0.953 0.9658 0.953  0.9454
RF 0.940 0.9009 0.940 09163
CNN 0.589 0.5731 0.589  0.5055
VAE-only SVM 0.991 0.9922 0.991 0.9911
CNN 0.989 0.9896 0.989  0.9890
LSTM 0.981 0.9822 0.981 0.9811
XGBoost 0.975 0.9784 0975  0.9747
RF 0.937 0.9693 0.937  0.9327
Hybrid-VAE LSTM 0.967 0.9737 0.967  0.9631
SVM 0.985 0.9866 0.985  0.9843
XGBoost 0.966 0.9714 0.966  0.9656
RF 0.940 0.9009 0.940 09163
CNN 0.802 0.8757 0.802  0.7596

imbalance and scarcity to enhance the estimation of nitrogen
requirements in a rice farm to improve yield. The algorithms
Catboost, XGBoost and LightGBM were trained on the aug-
mented dataset. Performance evaluation indicates that the VAE-
augmented dataset enhanced the performance of the model,
yielding a Mean Absolute Error (MAE) of 0.6 tn/ha, outper-
forming existing approaches. Cao, Ma and Zhang [20] ap-
plied VAE to augment remote sensing data for corn yield anal-
ysis. The augmented dataset was used to train the developed
VAE-based Multiple Instance Regression (VAEMIR) model.
Experimental analysis indicates that the proposed VAEMIR
model achieved an R? value of 0.74, outperforming existing
approaches. Razavi, Nejadhashemi, Majidi, Razavi, Kpodo,
Eeswaran, Ciampitti and Vara Prasad [21] used VAE to address
the dataset imbalance and scarcity challenge to improve the
performance of crop yield models. The Random Forest, XG-
Boost, CatBoost, and LightGBM algorithms were trained on
the VAE-augmented dataset. Experimental results demonstrate
that the CatBoost model achieved RMSE of 0.330, nRMSE
of 0.093, MAE of 0.17, and MASE of 0.485, on the origi-
nal dataset. While on the VAE synthetic data, the CatBoost
model achieved 93.6%, surpassing other models. Isinkaye, Olu-
sanya and Akinyelu [6] combined VAE and Vision Transform-
ers (ViTs) to preprocess and augment image datasets to enhance
plant disease detection. Performance evaluation indicates that
the hybrid model classified plant diseases, achieving a high per-
formance of 93.2% accuracy. Liu and Song [22] combined
Temporal Convolutional Network (TCN) and VAE approaches
to tackle dataset limitations, including scarcity, imbalance and
missing values for precise crop yield analysis. Evaluation re-
sults demonstrate that the hybrid TCN-VAE framework out-
performed traditional ML and DL models, yielding an RMSE

of 0.245, MAE score of 0.192, and a 0.935 R? value. This
result surpasses the LSTM model, which achieved an RMSE
of 0.298 and 0.908 R?, including the GRU model that yielded
0.287 RMSE, 0.915 R? value, among others.

2.3. GAN-enhanced models in precision agriculture

The inability of SMOTE and VAE approaches in handling
complex, non-linear and linear relationships in multi-crop rec-
ommendation datasets leaves an important research gap. Gen-
erative Adversarial Networks (GANs) emerged as a powerful
tool for addressing data-related challenges in various domains,
including agriculture. In this section, GAN-enhanced models
in precision agriculture are reviewed to establish the need for
their variants tailored for augmenting multi-crop recommen-
dation datasets. As a result, Karam, Awad, Abou Jawdah,
Ezzeddine and Fardoun [23] employed GAN to augment im-
age datasets to enhance the performance of their pest detection
model. Evaluation analysis shows that GAN-augmented data
increased recall performance from 54.4% to 93.2% at 0.50 IoU.
Bird, Barnes, Manso, Ekart and Faria [24] used Conditional
Generative Adversarial Network (CGAN), a GAN variant, to
create synthetic images to address scarcity and imbalance chal-
lenges. A transfer learning model (VGG16) was trained on
the augmented dataset to enhance fruit quality analysis. Ex-
periments using 2,690 images yielded 83.77% accuracy, while
the GAN-augmented dataset increased the classification perfor-
mance to 88.75% accuracy. Shumilo, Okhrimenko, Kussul,
Drozd and Shkalikov [25] employed GAN to tackle class im-
balance in satellite imagery for crop and soil analysis. Per-
formance experiment shows that the model’s performance in-
creased by 1.5% accuracy with Intersection Over Union (IoU)
of 2.1%. Most importantly, the minority crop classification
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results significantly increased by 11.2% accuracy. Kwong,
Kon, Rusik, Shabudin, Rahman, Kulaveerasingam and Apple-
ton [26] used GAN to handle data scarcity and imbalance to
improve an oil palm detection model. Evaluation results indi-
cate that the model achieved 95.8% and 97.2%, respectively,
on precision and recall metrics. Fawakherji, Suriani, Nardi
and Bloisi [12] developed a GAN variant tagged “Deep Con-
volutional Generative Adversarial Network (DCGAN)” to cre-
ate synthetic images, thereby addressing the limitations of size
and imbalance. Experimental evaluations demonstrate that the
synthetic method achieved 94% performance accuracy. Wang,
Xia, Xia, Wang and Gu [14] introduced a GAN variant named
“Frequency-Domain and Wavelet Image Augmentation Net-
work with a Dual Discriminator Structure (FHWD)” to address
data scarcity in crop disease detection. Experimental results
show that the FHWD-augmented dataset improved the perfor-
mance of disease classification by 7.25% when applied to trans-
fer learning models such as VGG16, GoogleNet, and ResNet18.

3. Methodology

The method employed to adapt or re-engineer the tradi-
tional GAN architecture tailored for the synthetic generation
of multi-crop recommendation datasets is described in five (5)
main stages. The core stages include: (i) Dataset acquisition;
(ii) Data cleaning/preprocessing; (iii) CropGAN module; (iv)
Classifier module; and (v) Evaluation module. Figure 1 repre-
sents the entire methodology.

3.1. Dataset acquisition

The dataset used in this study was originally collected by
Kwaghtyo, Eke, Abah, Moses, Agushaka and Fatokun [7]. The
dataset initially comprised 2200 samples, but the dataset was
expanded to 5000 samples to effectively experiment with the
present study. The initially collected 2200 samples are retained
to ensure comparability with previous findings, while the ad-
ditional 2800 new samples were collected. The new samples
were collected using a random sampling approach across farm
fields in the Yandev district of Gboko Local Government Area
(LGA), Benue State. This sampling was carried out across two
farming seasons (2024 and 2025) to gain seasonal variability.
The soil samples were collected between O cm and 30 cm depth
using soil augers. These samples were subjected to laboratory
procedures to obtain the soil nutrient composition and physio-
chemical properties. In terms of climatic conditions, temper-
ature ranges from 25.00°C to 33.50°C, while rainfall ranges
from 900 to 1,200 mm. The dataset is made of nine attributes,
including Nitrogen (N), Phosphorus (P), Potassium (K), Soil
pH, Humidity, Temperature, Rainfall, Soil Texture, and Crop
Type. The crops considered include maize, rice, pepper, soy-
bean, beans, orange, guinea corn, cassava, tomatoes, and yams,
which are mostly cultivated in the area. These agronomic and
environmental features together form essential input parameters
for training the developed CropGAN synthetic data generation
method to address the limitations of SMOTE, VAE and the tra-
ditional GAN in handling multi-crop recommendation datasets.

Table 1 represents the dataset as viewed in a Jupyter notebook
environment.

Table 1 shows the structural and feature-level composition
of the original dataset, highlighting the mixture of both the nu-
merical and categorical attributes. This represents/illustrates
the nature of agricultural tabular datasets used in crop recom-
mendation tasks.

To facilitate direct comparison with the original dataset
in Table 1, Table 2 presents a representative sample from
the synthetic dataset generated by the CropGAN framework.
This allows for an expeditious assessment of structural consis-
tency and feature coherence between the original and synthetic
datasets.

As demonstrated in Table 2, the generated samples preserve
the distributional structure of the original dataset, exhibiting re-
alistic values consistent with the original dataset. Meanwhile,
the representative samples generated using the SMOTE and
VAE data augmentation techniques are included as Tables A.l
and A.2, respectively, in Appendix A.

3.2. Cleaning/pre-processing

Data cleaning and pre-processing are crucial steps to re-
move noise and irregularities, preparing the dataset for training
a self-learning model. Therefore, the collected data underwent
various cleaning and pre-processing procedures to improve its
quality. Specifically, Exploratory Data Analysis (EDA) was
performed to examine and detect anomalies such as merged
text, missing values, and extraneous spaces. These data clean-
ing tasks were automated using Jupyter Notebook, a Python in-
teractive environment, to ensure reproducibility. During EDA,
missing values were addressed with median imputation to man-
age skewed data distributions. Feature scaling was carried out
using Min-Max Normalisation to keep all features within a con-
sistent range, aiding stability and convergence of algorithms.
Categorical variables (crop_labels and soil_texture) were en-
coded with one-hot encoding. The EDA process revealed class
imbalance, with some crop classes being significantly under-
represented. This issue, which motivates this study, was left to
be tackled by the synthetic data generation methods used.

3.3. Synthetic data generation frameworks

The synthetic data generation module was developed to ad-
dress the data limitations, including scarcity, imbalance and di-
versity. While GAN was re-engineered and tagged CropGAN,
it was trained separately alongside SMOTE and VAE for the
purpose of generating synthetic data points for comparison. The
implementation of each of these architectures is discussed thus:

3.3.1. The CropGAN architecture

CropGAN is a specialised Generative Adversarial Network
(GAN) developed to tackle the unique challenges of crop
recommendation datasets. These datasets often include varied
features, both numerical and categorical thus suffer from
limited diversity and class imbalance. Such issues make it
difficult for standard GANSs, originally designed for image data,
to function effectively. Typical GANs struggle to maintain
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feature distributions or generate valid categorical data required
in crop recommendations. To overcome these challenges,
CropGAN incorporates three key modifications: (i) a class-
aware mechanism that accurately synthesises mixed data types,
(i) a conditional embedding system with minority-aware
sampling to address class imbalance, and (iii) replacing binary
cross-entropy with Wasserstein Loss with Gradient Penalty
(WGAN-GP) to improve training stability and reduce mode
collapse. The architecture of CropGAN includes four main
parts: the generator, discriminator, conditional input layer, and
a specialised loss function, as illustrated in Figure 2.

i. The generator layer

The generator layer uses a Multi Feedforward Network
(MFFN) to convert the latent noise vector and conditional in-
puts into realistic data samples. To improve training stability
and gradient flow, each hidden layer incorporates batch nor-
malisation and Leaky ReLU activations. The output layer han-
dles mixed data types by using specific activation functions:
sigmoid for binary variables and softmax for multi-class cat-
egorical variables. This strategy helps ensure that the generated
samples preserve the statistical and structural features of the
original data. The generator function is defined as follows:

%= Glz:0g) = o (WORED + 51, (1)
h® = LeakyReLU (BN (WPRED +5D)), (2

where W, bP = respective weights and biases of layer L.
BN(-) = Batch Normalisation.
o (-) = denotes the mixed activation functions (sigmoid and soft-
max).
K" = the hidden layer activation.

This design choice enables the generator to produce
diverse but valid dataset samples while still preserving feature
distributions.

ii. The discriminator layer

The discriminator layer is implemented as a Symmetric
Feedforward Network (SFFN), mirroring the generator to pro-
vide a balanced adversarial learning. It receives both the origi-
nal and the synthetically generated samples together with their
corresponding conditional inputs and returns scalar scores that
represent authentic data samples. To improve training stability
and generalization, dropout regularisation and spectral normal-
isation are integrated in the discriminator layer. This helps in
controlling overfitting. The discriminator function is given by:

D(x, c;6p) = W=D 4 pE), 3)
¢“) = LeakyReLU (Dropout (SN (W ¢~V + b®))) - (4)

where D(x, c; 8p) = The discriminator output.

W®_ bl = The weight matrix and bias vector of layer L.
SN = Spectral normalisation.

Dropout(-) = Regularisation.

¢ = Activation of layer L.

This design configuration ensures a robust critic that is
capable of determining the subtle variations between the
original and the synthetically generated crop recommendation
dataset.

iii. Conditional input layer

To ensure controlled dataset generation that tackles class
imbalance, CropGAN integrates a conditional input mecha-
nism. The class labels, y € {l,..., K}, are transformed into
continuous embeddings: e(y) = EmbedLabel(y) € R%.

These embeddings are then concatenated with the latent
noise vector z, which is fed into both the generator and the dis-
criminator.

To further ensure that class imbalance is addressed,
minority-aware sampling is applied, where class labels are sam-
pled from a reweighted distribution. These are represented
mathematically as follows:

X, = Gy(z,e(y), z~p2), y~pOy), (%)
) 1 N,
p(y) o — ﬂy = W’ Y € [Ov 1]v (6)

(=)

where ¥, = Generated data conditioned on class embedding
e(y).
p.(2) = Prior distribution over the latent vector.
P(y) = The reweighted class prior distribution.
e(y) = Continuous embedding vector of class label y.
N, = Number of training samples in class y.
N = Total number of training samples across all classes.

This mechanism ensures a targeted generation of minority
class samples, thereby improving dataset balance to enhance
model performance.

iv. The loss function

To enhance stability and avoid mode collapse during train-
ing, CropGAN adopts the Wasserstein loss with Gradient
Penalty (WGAN-GP) instead of the conventional binary cross-
entropy.

The CropGAN loss function is given by:

Lp = Ex~p,(x\c)[D(x|C)] - Ez,c [D(G(z,0),0)] +

. (N
AE; [(IVsD(2, 0)ll — 17
with the gradient penalty terms:
f=ex+(1-e% €~UO,I1], (®

where E,.;, (y¢o[D(xlc)] = expected critic (discriminator) score

on the real data,

E, [D(G(z, c), c)] = expected critic (discriminator) score on the

generated data,

X=ex+ (1 -e€x € ~ U0, 1], where X denotes a real sample,

X denotes a generated sample and A is the gradient penalty term

enforcing the 1-Lipschitz constraint for stabilising training.
This is specifically important in crop recommendation

datasets where instability can lead to severe effects on the
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quality of the generated data samples.

v. Training procedure

CropGAN is trained using 500 epochs, Adam optimiser
with a learning rate of 1 x 107, 8; = 0.5 and 8, = 0.9. To
prevent mode collapse, the discriminator is updated multiple
times per generator step. Using these parameter settings,
CropGAN generates 10,000 data samples from the original
dataset comprising 5,000 instances, enhancing dataset diversity
and preserving feature distributions.

vi. CropGAN contributions

In contrast to the conventional GAN, CropGAN is specifi-
cally designed to generate tabular agricultural datasets by: (i)
supporting the generation of mixed categorical and numeri-
cal features using a class-aware mechanism, (ii) tackling class
imbalance through conditional embedding and minority-aware
sampling, (iii) improving training stability and sample quality
using WGAN-GP, and (iv) capturing non-linear feature rela-
tionships critical for crop recommendation datasets. These de-
sign choices enable CropGAN to produce high-fidelity, diverse
and structurally consistent synthetic datasets that enhance the
robustness and performance of crop recommendation models.

3.3.2. The SMOTE architecture

To establish a baseline for evaluating CropGAN, the Syn-
thetic Minority Oversampling Technique (SMOTE) was imple-
mented as a comparative method. Unlike CropGAN, SMOTE
performs simple feature-space interpolation. The implementa-
tion was done via Python’s imblearn library in a Jupyter note-
book environment. To ensure a balanced class distribution, each
class was upsampled to 1,000 instances, which returned a total
of 10,000 samples with all classes equally represented. The pur-
pose of this fixed class sampling target was intended to ensure
that the SMOTE synthetic dataset has the same number of in-
stances as CropGAN and VAE to prevent a biased comparison
due to unequal sample sizes. Each class label was mapped to
its corresponding target sample count, thereby enforcing equal
samples across all classes in the dataset. To minimise the gener-
ation of unrealistic samples, the number of nearest neighbours
was set to 1, while the random_state of 42 was used to ensure
reproducibility. The SMOTE algorithm was applied to the orig-
inal training features (Xiain_real> Yirain_real)> producing synthetic
feature vectors (Xirain_smotes Ytrain_smote)- Lhis was stored as a
dataframe with the original feature names preserved for down-
stream modeling. The final augmented training set (Xaug_smotes
Yaug_smote) Was formed by concatenating the original and syn-
thetic samples.

3.3.3. The VAE architecture

Another comparable synthetic data generation method to
benchmark with CropGAN is the Variational Autoencoder
(VAE). VAE was implemented using the TensorFlow/Keras li-
brary and trained to effectively capture class-specific latent fea-
ture distribution. Before training, all input features were nor-
malised using MinMax scaling. The encoder generated a mean
and log-variance vector for each input, facilitating stochastic

sampling through reparameterisation, while the decoder recon-
structed data samples from the latent representations. Optimi-
sation was achieved using a composite loss function that com-
bined mean squared reconstruction error and Kullback—Leibler
(KL) divergence penalty, regulated by a beta (8) coeflicient
to balance reconstruction fidelity and regularisation of latent
space. The VAE model was trained using 500 epochs, a 32-
batch size, and the trained decoders synthesised additional data,
producing a uniform target of 1,000 samples per class. The
training result yielded an overall total of 10,000 synthetic data
samples. This target sample size of 1,000 was intentional to
maintain a balanced sample size with SMOTE and CropGAN-
generated data to avoid biased comparison due to unequal sam-
ple size. The uniform sample size across SMOTE, VAE and
CropGAN provided a fair ground for comparison across the im-
plemented synthetic data generation methods.

3.4. The classification models

Several classifiers were used to assess the performance of
the re-engineered GAN tagged CropGAN for generating syn-
thetic multi-crop recommendation datasets. The classifiers
were purposefully selected across ML and DL models to gain
more insight into the comparative assessment of the effective-
ness of CropGAN synthetic data. The ML algorithms em-
ployed include Random Forest (RF), Support Vector Machine
(SVM), and Extreme Gradient Boosting (XGBoost). Particu-
larly, RF was used due to its ability to handle non-linear fea-
tures. SVM was employed to benefit from its ability to han-
dle high-dimensional multi-class datasets. While XGBoost
was leveraged for its regularisation and parallelisation mecha-
nisms that handle noise and missing values in datasets, thereby
improving the performance of crop recommendation models.
Complementarily, the DL architectures Convolutional Neu-
ral Networks (CNNs) and Long Short-Term Memory (LSTM)
were employed. Although DL models are not originally de-
signed for handling tabular datasets, they were included to
gain more insight into their behaviour on the CropGAN syn-
thetic dataset. The inclusion of both ML and DL frameworks
enhances the comparative analysis of the effectiveness of the
CropGAN-generated dataset on diverse models.

3.5. Evaluation procedure

To examine the behaviour of the synthetic data generation
methods SMOTE, VAE, CropGAN, and their hybrid sets with
the original dataset, both data-quality and model performance
metrics were employed.

3.5.1. Dataset evaluation metrics

This study employs five (5) statistical metrics, such as
Jaccard Similarity Index (JSI), Spearman’s Rank Correlation
(SRC), Kolmogorov—Smirnov Statistic (KSS), Wasserstein Dis-
tance (WD) and the Jensen—Shannon Divergence (JSD) to as-
sess the distributional relationship of the synthetic datasets to
the original dataset. The JSI assess the degree of overlap in
the categorical feature distributions of the real and synthetic
datasets. This technique ensures that the categorical vari-
ables (crop_labels and soil_texture) are preserved. SRC checks
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whether the relationships among variables within the synthetic
data type are preserved. Both KSS and WD check for distribu-
tional diversity and fidelity of features in the synthetic datasets
and the original dataset. JSD assesses the symmetric divergence
involving the real and synthetic data in terms of their proba-
bility distributions. Among these metrics, WD was prioritised
for its effectiveness in capturing both diversity and fidelity in
the synthetically generated datasets. While the JSI was chosen
as a complementary metric for assessing categorical variables,
which are very critical in crop recommendation tasks. Com-
plementarily, visualisation metrics like Principal Component
Analysis (PCA) and t-Distributed Stochastic Neighbour Em-
bedding (t-SNE) were used to respectively visualise the struc-
tural patterns and clustering behaviour of the synthetic and orig-
inal datasets.

3.5.2. Model evaluation metrics

In terms of model performance, standard evaluation metrics
such as Accuracy, Precision, Recall and F1-Score were used.
Accuracy provides an overall measure of correct classifications,
while Recall measures the ability of the models to correctly
identify suitable crops to plant. Precision evaluates the ratio
of correctly predicted crops among all the positive predictions,
and F1-Score balances precision and recall. Precision was des-
ignated as the core performance evaluation metric in this study,
due to its focus on minimising false positives in predictions. A
wrong recommendation of crops may lead to resource wastage
or low crop yield, jeopardising the core purpose of crop recom-
mendation models. The choice of Precision is consistent with
existing agricultural studies, where Precision has been priori-
tised in crop recommendation and crop disease detection tasks.
In this study, Precision consistently produced superior perfor-
mance relative to Accuracy and F1-Score, as reported in Ta-
bles 5 and 6. This thorough evaluation ensures a detailed as-
sessment of both dataset quality and predictive performance,
enabling objective analysis of whether synthetic data generated
by CropGAN, SMOTE, and VAE effectively supports the de-
velopment of reliable crop recommendation models.

3.6. Experimental settings and procedure

Experiments carried out on both the original and synthetic
datasets generated using SMOTE, VAE and the CropGAN ar-
chitecture followed standard processes. First, the dataset was
partitioned into training (70%), validation (15%), and testing
(15%) sets to maintain a consistent class distribution across
all splits. The used conventional ML models, including RF,
SVM and XGBoost, were all trained using the default optimisa-
tion strategies provided by Scikit-learn and XGBoost libraries,
while model-specific hyperparameters were selected via empir-
ical parameter tuning. The deep learning models (CNN and
LSTM) were trained for a maximum of 500 epochs with early
stopping based on validation loss to prevent overfitting. A batch
size of 64 and Adam optimiser with a learning rate of 0.001
were used for all deep learning experiments. Cross-entropy loss
was consistently applied for multi-classification across all mod-
els. Each model was trained and evaluated separately on the
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original and synthetic augmented datasets. Model performance
was assessed using standard metrics such as accuracy, preci-
sion, recall, and Fl-score. Additionally, dataset feature dis-
tribution similarity between the original and synthetic datasets
was examined using statistical metrics like JSI, WD, KSS, JSD
and SRC, while PCA and t-SNE were employed for visual in-
spection. All these experiments were conducted using a per-
sonal computer (PC) with Intel(R) Core(TM) i5, 12GB RAM,
and a CPU speed of 2.60 GHz.

All implementations were developed using Python 3.9,
while Scikit-learn and XGBoost libraries were used for ML
models, while TensorFlow/Keras and PyTorch were used for
implementing the DL and generative models, respectively. The
data pre-processing was performed via Pandas and NumPy,
while Matplotlib was employed for visual analyses. All these
experiments were executed using the Jupyter Notebook envi-
ronment. The best performing parameter tuning across all mod-
els is reported in Table 3.

As shown in Table 3, the parameters reflect a balance be-
tween model complexity and generalization ability. For the ML
models, limited tree depth in both the RF and XGBoost were
employed to prevent overfitting due to the dataset size. For
the DL models, dropout regularisation and early stopping were
used to enhance model generalization and representational ca-
pacity.

4. Results and discussion

4.1. Visual analysis

4.1.1. CropGAN training outcome

The CropGAN training process was stable, with the dis-
criminator loss starting at around 9 and steadily decreasing to
between 1 and 2; the generator loss relatively remained con-
stant around 0.8 and 1.0. This indicates a balanced adversarial
game without collapse. Early stopping was applied at approx-
imately epoch 44, where the generator and the discriminator
losses reached their minimum difference before convergence.
Variability in loss was initially high but steadily reduced as
training progressed, confirming convergence as shown in Fig-
ure 3.

4.1.2. The PCA plot

Principal Component Analysis (PCA) technique was em-
ployed to inspect the relationship between the original and the
CropGAN-generated datasets, projecting the high-dimensional
feature space into 2-dimensions. Figure 4 depicts the outcome
of the PCA on both the Original and the CropGAN-synthetic
data. However, the original dataset appeared more compact,
with most classes having separate clusters. In contrast, the
CropGAN-generated dataset preserves the overall distributional
structure of the original dataset but exhibits increased disper-
sion, which results in some overlap between classes 2, 3, 4
and 5. However, class 9 maintains a clearly distinct cluster
in both datasets. These observations show that CropGAN-
generated data introduces variability (diversity) while maintain-
ing the structure of the original dataset.
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4.1.3. The t-SNE plot

The t-Distributed Stochastic Neighbour Embedding (t-
SNE) was used to visualise the non-linear structure and local
separability of the data features in both datasets. As shown in
Figure 5, the original data forms a dense and well-separated
cluster for most classes. The CropGAN-generated dataset ex-
hibited a less dense cluster with an increased overlap between
certain classes. This result aligns with the PCA analysis,
confirming that the CropGAN-generated dataset preserves the
overall structures but shows higher variability (diversity) with
reduced local separability as compared to the original dataset.

4.2. Synthetic data quality performance outcome

The performance of the CropGAN-generated data was anal-
ysed and compared against SMOTE and VAE using five sta-
tistical metrics. These include the Jaccard Similarity In-
dex (JSI), Spearman correlation, Kolmogorov-Smirnov Statis-
tic (KS), Wasserstein distance, and Jensen-Shannon Divergence
(JSD). Table 4 provides a summary of these results.

Table 4 depicts that SMOTE, VAE and CropGAN, in-
cluding their hybrid datasets, all returned 1.0000 on both JSI
and SRC metrics. This result signifies their ability to pre-
serve the structural relationship of the original dataset. On the
divergence-based metrics, SMOTE obtained 0.0290, 0.0480,
and 0.0950 values for KSS, WD and JSD, respectively. This
result suggests that the SMOTE-generated data preserved the
original dataset distribution with minimal variations. VAE,
however, produced slightly higher divergence with KSS, WD
and JSD yielding 0.0890, 0.1440, and 0.1450, compared to
SMOTE. This signifies that VAE introduces more divergence
from the original dataset distribution than SMOTE. Compara-
tively, the CropGAN synthetic dataset demonstrated greater di-
vergence with KSS (0.0940), WD (0.1670), and JSD (0.1610)
values. This result confirms that CropGAN produces more di-
verse and realistic data samples in the synthetic dataset, re-
quired in modeling multi-crop recommendation systems [27].
In the hybrid datasets, the divergence slightly increased, in-
dicating that the hybridisation process introduced some noise
since the original dataset had zero divergence to contribute.

It is important to note that all the synthetic data genera-
tion methods preserve the distributions of the original dataset
to varying degrees. SMOTE provides the closest distribution
but creates less diverse data samples due to its interpolation
policy, which may limit the generalizability of a model [28].
VAE and CropGAN produced results in terms of preserving
the distributions of the original dataset and creating a more
diverse dataset. The adversarial training policy of CropGAN
can be likened to its ability to generate a more diverse dataset,
capturing the complex, non-linear relationships which SMOTE
(interpolation-based) and VAE (reconstruction-based) methods
may struggle with.

4.3. Classifier performance outcome

Another dimension employed to assess the performance
of the CropGAN method is the downstream performance of
its generated dataset on model development. To achieve this,
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five algorithms including Random Forest (RF), Support Vector
Machine (SVM), Extreme Gradient Boost (XGBoost), Long-
Short Term Memory (LSTM) and Convolutional Neural Net-
work (CNN) were used. These models were trained using the
Original, CropGAN and the Hybrid of the Original and Crop-
GAN datasets, to gain more insight into their effect across mod-
els. Table 5 represents the performance of these various datasets
across the used models.

As shown in Table 5, the CropGAN synthetic dataset
slightly outperformed the original and the hybrid datasets
across all models. This performance is evident with the SVM
model, indicating that CropGAN synthetic dataset enhanced
class separability, addressing class imbalance and data scarcity
(size). The constant high performance of the SVM model
across all datasets can be attributed to its margin-based op-
timisation, suitable for crop recommendation datasets, while
benefiting from the smooth decision boundary introduced by
the CropGAN samples. While the hybrid-CropGAN dataset
also yielded a competitive performance result for several mod-
els, it was not uniform across all architectures. The ML mod-
els showed a consistently good performance on the hybridised
samples; the CNN model, however, showed a drastic perfor-
mance degradation. This result can be attributed to the inherent
sensitivity of convolutional architectures to the feature ordering
and spatial dependencies, with assumptions that are not aligned
with crop recommendation datasets.

4.4. Ablation analysis

In this section, an ablation study was conducted to isolate
and evaluate the CropGAN data generation framework on the
overall classification performance. The ablation variables in
the study are the alternative data generation methods. Crop-
GAN was systematically replaced with alternative data gener-
ation methods to determine whether the performance improve-
ment observed in Section 4.3 is only attributable to the Crop-
GAN synthetic dataset or reproducible by other data generation
methods. Consequently, four ablation conditions were consid-
ered: (i) SMOTE-only generated data, where all models were
trained on the SMOTE-generated data; (ii) VAE-only dataset,
under which models were trained exclusively on the VAE-only
generated samples; (iii) Hybrid-SMOTE samples, where all
models were trained using a combination of both the SMOTE-
only and the original datasets; (iv) Hybrid-VAE samples, in
which models were trained on a fused VAE-only and the origi-
nal datasets. All the hybrid datasets were combined using sim-
ple row-wise concatenation, while shuffling was used to ensure
uniform labels, with each having 10,000 samples as the Crop-
GAN, SMOTE and VAE for a fair comparison. The outcome
of the ablation study, summarised in Table 6, is a benchmarked
result of the CropGAN performance shown earlier in Table 4.

As shown in Table 6, replacing CropGAN with SMOTE
and the VAE datasets brought a noticeable performance varia-
tion across the used models. While SMOTE achieved high per-
formance for a sequence-based model like LSTM, SMOTE’s
effectiveness degraded with CNN, suggesting limited robust-
ness for addressing class imbalance in isolation. The VAE-
only dataset on the other hand, demonstrates more stable per-
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formance results across the classifiers, but its performance re-
mains below that of the CropGAN framework. This indicates
that the VAE’s latent space reconstruction remains inadequate
for handling complex nonlinear feature dependencies of crop
recommendation datasets. In the SMOTE and VAE hybrid
dataset variants, there are inconsistent improvements and, in
some instances, their performance degraded. This indicates that
the data fusion might have introduced some noise into the hy-
brid dataset rather than improving model generalization. These
findings further confirm that the performance improvement re-
ported in Section 4.3 is unique to the CropGAN framework, not
generic to all synthetic data generation methods.

4.5. Discussion

This study examined the effectiveness of CropGAN, de-
signed for the generation of multi-crop recommendation
datasets. The focus of this discussion is on CropGAN training
stability, the distributional properties of the synthetic datasets,
their data quality and model performance impacts relative to
VAE and SMOTE methods.

The performance of the CropGAN synthetic method during
training, as visualised in Figure 3, highlights a stable adver-
sarial learning process. PCA and t-SNE visualise the training
outcome by showing the structural distribution/clustering. The
slightly less compact clustering observed in Figure 4 and 5 may
suggest that CropGAN introduced more diverse samples while
maintaining the overall structure of the original dataset. This
diversity can support model performance, generalizability and
robustness.

Statistical analysis using the JSI and SRC metrics also
yielded a strong correlation across all datasets. Divergence-
based metrics such as the KSS, WD, and JSD further re-
vealed distributional variations within each synthetic data sam-
ple. SMOTE yielded the lowest divergence relative to the orig-
inal data. This can be attributed to its interpolation process,
the possibility of replicating data samples rather than produc-
ing an entirely new sample. Comparatively, the VAE and Crop-
GAN samples showed higher divergence compared to the orig-
inal data distribution, with CropGAN being the highest. This
indicates that the adversarial training process of CropGAN in-
troduces more variability in the samples. The trade-off of dis-
tributional fidelity and diversity, where CropGAN preserved the
overall structure with reduced clustering, aligns with the visu-
alisations of the PCA and t-SNE plots.

Classification performance further validated the data-
quality results, as all the used models, when trained on the
CropGAN samples, consistently improved model performance
compared to the original dataset. The superior performance of
the SVM model across all data variants indicates that the intro-
duced variation in the CropGAN sample improved class sep-
arability while reducing feature sparsity. However, the hybrid
CropGAN variant produced a mixed performance result where
the CNN model drastically degraded while other models main-
tained their performance. This finding suggests that the sensi-
tivity of convolutional architectures to feature ordering is not
well suited to crop recommendation datasets. Ablation analysis
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replacing CropGAN with alternative synthetic samples (VAE-
only and SMOTE-only) achieved good performance for LSTM
on the SMOTE-only samples, indicating robustness across both
ML and DL architectures. The VAE-only sample yielded a
more stable performance across models, but less than that of
CropGAN. The hybrid variants of SMOTE and VAE exhibited
inconsistent results and, in some instances, degraded in perfor-
mance.

Overall, these findings suggest that the achieved perfor-
mance by the CropGAN synthetic method is unique and not
generic to all synthetic methods. The performance can be at-
tributed to its adversarial training process that introduced diver-
sity while still maintaining key distributional properties of the
original data. By expanding the features, CropGAN supports
model improvement for multi-crop recommendation datasets
that comprise both numerical and categorical variables.

5. Conclusion

This study presents CropGAN, an adapted GAN archi-
tecture for the generation of synthetic datasets for modeling
crop recommendation systems. The architecture was adapted
to tackle dataset issues such as limited size, imbalance, and
limited diversity. Unlike other GAN variants, CropGAN was
specifically re-engineered to handle both categorical and nu-
merical features by enforcing class-conditional input in the ad-
versarial learning. Statistical and classifier analyses have shown
that the CropGAN synthetic method produced realistic samples
of the original dataset through its adversarial learning strategy.
Although SMOTE was observed to retain a closer structural
similarity to the original dataset, CropGAN consistently outper-
formed both SMOTE and VAE in terms of model performance.
Particularly, the SVM model consistently outperformed across
almost all datasets and models. The strong performance of the
CropGAN dataset across several models is attributable to the
architectural design rather than being generic across other syn-
thetic methods of data generation. By this, the study achieves
the purpose of extending the traditional GAN architecture be-
yond image-based tasks to handling multi-crop recommenda-
tion datasets that contain both categorical and numeric vari-
ables.

However, the present study did not test CropGAN on other
regional datasets, and even as DL architectures like CNN and
LSTM were employed for model experimentation, Explainable
Artificial Intelligence (XAI) was not integrated. Thus, future
studies should examine CropGAN on other regional datasets to
assess its performance, scalability and generalizability. Inte-
grating XAl approaches will also improve interpretability and
trust among farmers and policymakers, especially for the DL
models. Deployment of CropGAN-enhanced crop recommen-
dation systems in mobile applications and IoT-enabled advisory
platforms to enable real-world applicability is also encouraged.

Data availability

The dataset used in this study is publicly available on the
Zenodo repository and can be accessed via the following DOI:
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Table A.1: SMOTE generated sample dataset.

N P K temp hum ph rainf soil  label
0 19.0 650 250 18.10 18.29 563 14479 00 0.0
1 36.0 43.0 220 27.83 87.17 639 5837 1.0 9.0
2 99.0 5.0 470 2413 8484 6.65 51.19 20 5.0
3 250 68.0 77.0 20.09 15.11 7.70 85.75 1.0 7.0
4 58.0 73.0 16.0 3337 6568 6.87 6490 3.0 1.0
9995 21.0 380 21.0 29.76 86.45 6.64 37.55 1.0 9.0
9996 22.0 560 17.0 29.88 87.33 6.89 44.75 1.0 9.0
9997 8.0 54.0 20.0 2833 80.77 7.03 38.80 1.0 9.0
9998 4.0 41.0 20.0 28.15 83.80 6.65 3745 1.0 9.0
9999 27.0 40.0 24.0 27.84 90.00 7.06 52.85 1.0 9.0
10000 rows x 9 columns
Table A.2: VAE generated sample dataset.
N P K temp hum  ph rainf soil  label
0 19.00 65.00 25.00 18.10 1829 5.63 14479 0.00 0.0
1 36.00 43.00 22.00 27.83 87.17 639 5837 1.00 9.0
2 99.00 5.00 47.00 24.13 84.84 6.65 51.19 2.00 5.0
3 25.00 68.00 77.00 20.09 15.11 7.70 85.75 1.00 7.0
4 58.00 73.00 16.00 33.37 65.68 6.87 64.90 3.00 1.0
9995 24.72 47.21 20.69 28.19 8425 6.67 53.48 1.03 9.0
9996 21.12 47.63 18.64 28.66 8534 6.64 46.84 1.03 9.0
9997 18.11 46.35 19.38 28.58 85.89 6.67 45.39 094 9.0
9998 26.20 46.71 17.02 28.59 86.22 6.61 44.46 097 9.0
9999 20.75 48.03 2037 2836 8590 6.75 47.48 1.01 9.0

10000 rows X 9 columns
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