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ABSTRACT

Agriculture is pivotal for the global economy and sustenance. However, it confronts challenges
from a burgeoning population, climate shifts, and the imperative for sustainable practices. Artificial
intelligence (AI) based solutions offer promise, but the need for substantial-high-quality training data
in agriculture is impractical. Existing methods for generating synthetic data face significant challenges
regarding precision and reliability, compromising their effectiveness in complex Al-based models
for agriculture. To overcome this, we propose an attention-based conditional Generative Adversarial
Network enhanced with correlation coefficients from original datasets. Unlike existing methods, our
approach effectively replicates the intricacies of real-world agricultural data. Through comprehensive
evaluations, we validate its superior performance in producing realistic and relevant synthetic datasets.
Incorporating correlation coefficients as a condition and utilizing multi-head attention in the generator,
our approach effectively captures the intricate relationships in agricultural data. Leveraging these
data enables the training of more precise and accurate models for the agricultural field. Our code is
available at: https://github.com/aashikrasool/Coefficient-Based-Data-Generator

1 Introduction

Agriculture plays a significant role in the global economy and food safety [[1],[2]. It contributes to many countries’
Gross Domestic Product (GDP), where they depend on agricultural imports and exports for their economic stability. A
sustainable economy will create jobs and offer a lifeline for rural areas. Agriculture also plays an essential part in the
environmental management of natural resources, such as biodiversity, reforestation, and the sustainable management
of natural resources. These Agriculture activities lead to preserving the ecosystem and making agriculture crucial for
today’s and future generations [3[],[4].

Data plays a crucial role in implementing artificial intelligence (Al) techniques in agriculture [SI],[6]. The performance
and efficiency of training models in Al applications are directly proportional to the size of the dataset collection; a more
substantial dataset typically yields better results. However, unlike accessible collected datasets such as Healthcare and
financial data, collecting substantial data in agriculture can be impractical. Therefore, researchers propose methods like
synthetic data generation to address similar data challenges in many sectors. In Generative Adversarial Network (GAN),
researchers actively use synthetic data generation for image and tabular data [7]. GAN architectures typically comprise
two parts: a generator that generates synthetic outputs from random noise and a discriminator that distinguishes between
the generator’s generated data and real data [§8]]. Synthetic data can converge toward real data quality by coordinating
the conditions with the generator. Therefore, deep learning models can be trained by utilizing the generated converged
agriculture data.

Initially, Park et al. [9] proposed an approach called "TabGAN" to generate tabular data by capturing the statistical
properties of tabular data represented via the GAN approach. Subsequently, Xu et al. [10] proposed an approach called
"CTGAN," which specifically addresses the imbalanced data and complex multivariate relationships within categorical
data. However, these approaches encounter a substantial challenge in generating precise synthetic data, with the added
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Figure 1: our proposed GAN approach, utilizing a correlation coefficient as a guiding condition for the generator. The
generator features a Multi-Head Attention layer, efficiently processing *Values’, *’Keys’, and *Queries’ from tabular data
for enhanced synthetic data generation.

issue of unevenly distributed data volume among different classes. Some classes have excess data, while others need
more data, significantly undermining the performance of sophisticated Al-driven agricultural models. To overcome
these challenges, we propose a method to generate a rational and efficient agricultural table dataset using attention-based
conditional GAN, aiming to contribute in the following ways:

* Propose an advanced conditional GAN that integrates correlation coefficients as conditional inputs, enhancing
the model’s ability to mirror complex statistical relationships in agricultural data accurately. This approach
offers a novel solution to the limitations of existing tabular data generation methods by generating precise
and evenly distributed synthetic tabular data. To the best of our knowledge, this method represents the initial
approach to generating agricultural data. It is deemed a more accurate data generation method compared to
existing methods.

* Our framework introduces a multi-head attention layer within the generator. This innovation allows for a
more nuanced discernment and emphasis on critical inter-feature relationships in tabular data, significantly
improving the model’s capability to capture and replicate complex data dynamics in the agricultural domain.

* We thoroughly evaluated various state-of-the-art models, including our proposed approach, and analyzed their
respective performance measures.

2 Proposed Approach

In contrast, GAN models play a major role in contemporary generative models. In our proposed approach, we utilize
conditional GAN to construct tabular data in a precise manner. Conditional GANs is designed to learn a mapping
that incorporates both observed data, denoted as I'1, and a random noise vector along with a correlation coefficient (r)
as conditions. This process aims to generate an output represented as /2. We can express the mapping as follows:

G:{Il,r} = I2 (1)

We train the generator (G) to produce outputs that the discriminator cannot distinguish from real data. This training
process uses a correlation coefficient and the original data shape as inputs, acting as noise to guide the generation. A
discriminator (D), adversarially trained for this purpose, evaluates the generator’s performance. Its primary role is
identifying any artificial or fake data the generator produces. This adversarial dynamic ensures continuous generator
improvement, leading to increasingly realistic data generation.
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2.1 Correlation coefficient as a condition to Generator

In scientific discourse, a correlation coefficient is a key statistical tool that quantifies the extent and manner in which
two variables are associated. It ranges from -1 to 1, indicating strong negative to strong positive linear relationships,
respectively. Zero implies no linear correlation. Pearson’s coefficient is used for continuous, normally distributed data,
Spearman’s for ordinal or non-normal data, and Kendall’s for smaller datasets. In addition, it is crucial in research to
choose the appropriate coefficient based on data properties and to remember that correlation does not imply causation.
[12]. In the proposed model we use Pearson’s correlation coefficient as a condition of the generator along with a data
shape as a noise. The reason we selected Pearson’s correlation coefficient is that most agricultural data, including [13]
data, are continuous and normally distributed.

2.1.1 Pearson’s correlation coefficient:

Pearson’s correlation coefficient, symbolized as p for population and r for sample data, assesses the linear association
between two variables that are both normally distributed. This value can be skewed by outliers, which may amplify or
diminish the perceived correlation, rendering it less suitable for variables that deviate from normal distribution. The
calculation of r for sample data involves a specific formula that considers the relationship between the variables = and y
[12].
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where z; and y; are the values of x and y for the it element.

r

@

2.2 Multi-head attention-based Generator

In our proposed model, the generator comprises five layers. Notably, it integrates a multi-head attention mechanism,
as described in Pan et al. [14], into its second layer. This essential layer processes three types of input: values (V),
keys (K), and queries (Q). The processing involves the calculation of attention weights, formulated as Weights =

T
softmax (%) This computation leverages the scaled dot-product attention mechanism, dynamically assigning

varying levels of significance to different segments of the data based on V,, K,, and Q.. This strategic allocation
enables the model to concentrate on the most relevant information, a key factor in enhancing its capability to synthesize
pertinent data. The detailed workings of this method are systematically outlined in Algorithm 1.

Initially, our generator receives the tabular data, correlation coefficient value, and data shape as an input vector (refer to
Line[T). In Line[3] multi-head attention plays a crucial role in capturing complex relationships within the data. For each
instance x in the input data ; (Line[5), the algorithm proceeds to process the inputs V,,, K, and Q... Subsequently, it
computes attention weights to assess the relevance of various elements within the data (Line [6).

Algorithm 1 Multi-head attention-based generator for tabular data generation

1:
Require: 7; (Tabular Data), r (Correlation Coefficient), S (Data Shape)
Ensure: /5 (Synthetic Tabular Data)

2: Initialize a 5-layer generator, G

3: Multi-head attention in the second layer of G

4: for each instance x in I; do

: Process inputs: V,,, K, Q,

5

T
6:  Weights = softmax(QwZI )
7
8

Assign weights dynamically based on V,, K, Q.
if corr(x) > r and shape(x) = S then

9: Prioritize z for targeted synthesis
10:  end if
11: end for

12: Produce I, with properties of I; =0

Instances that meet specific criteria, such as a predefined correlation coefficient threshold and adherence to a certain
data shape (.S), are granted priority for targeted synthesis. This prioritization step occurs between Lines[8|and [0} Finally,
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Table 1: Comparative analysis of Correlation Coefficients (CC) relative to original data for proposed Model and existing
State-of-the-Art tabular data generation Methods.

Model CC compared to original data

TabGANI9] 0.631
CTGANI[10] 0.752
Proposed model  0.989

the algorithm generates synthetic tabular data (I5) with properties akin to those of the input data I; (Line[I2). This
synthesis step guarantees that the generated data preserves the fundamental characteristics of the original dataset.

3 Experiments and Results

This section provides a comprehensive description of the data preprocessing methods and results comparison between
state-of-the-art methods.

3.1 Dataset

In this research, we utilized a crop recommendation dataset [[13]] sourced from Kaggle for our analysis. This data was
released by the Indian Chamber of Food and Agriculture. This dataset comprises 22 distinct types of crops, amounting
to a total of 2,200 data entries. The dataset is tabular in format, containing seven numerical columns and one categorical
column.

3.1.1 Data Preprocessing:

Initially, we transformed the categorical column into a numeric format using the label encoding mechanism. Subse-
quently, we divided the dataset into training and testing sets, maintaining a ratio of 80% for training and 20% for testing.
Afterward, we converted the data into tensors, preparing it to be fed as input into our generator.

3.2 Comparative results

Table 1 provides a comparison of GAN models tailored for tabular data, employing correlation coefficient (CC) as the
metric for evaluation. The CTGAN [10] records a strong CC of 0.752, and TabGAN [9] registers a moderate CC of
0.631. The proposed model demonstrates superior performance with a CC of 0.989, indicative of an almost perfect
linear association and thus suggesting a highly effective model in relation to the expected outcomes.

In addition, Figure ?? represents the cumulative sums of the cumulative distribution functions(CDFs) per feature for
each of the three methods. Each graphical representation delineates the cumulative probability of *Real’ versus ’Fake’
datasets with respect to distinct feature values, as plot along the abscissa. Visualization of the CDFs are instrumental for
elucidating both the distributional characteristics and data point variability, facilitating a comprehensive comparative
analysis over the complete value range of individual features. Figure ?? shows 8 plots for each model, totally 24. Figure
[2a] demonstrates CDFs of the TabGAN, where the model generates only 8 labels out of 21 that visible in the "label’
plot (8/8). The label N’ (Nitrogen) shows a close alignment distribution, with a slight divergence at higher values,
while there are significant differences between the synthetic data and the original data for labels ’pH’ and ’Rainfall’. In
contrast, CTGAN demonstrates more better results by generating data without mislabelling issue, Figure 2b] Though
the labels ’pH’ and *Temperature’ show almost 95% probability distribution, the number of each label is dramatically
various. Moreover, it is the limitation of tabular GANSs that, they are not able to generate specific amount of data.
Nevertheless, our proposed approach performs better in producing evenly distributed data that closely resembles the
original data in all columns with likeness of 98%, except for the *P’(Phosphorus) column, where the synthetic data
shows a more rapid increase initially, suggesting a higher density of lower values compared to real data, Figure[2c| As a
reason we can demonstrate several instances, and one of them is; the feature itself might have a natural distribution that
is represented in this manner in synthetic data. For the future work, we improve our model for this kind of limitations.

4 Conclusion

The prevalent challenge in agricultural Al has been the need for more high-quality data, which hampers the development
and effectiveness of advanced models. Our study addresses this fundamental issue by introducing an innovative
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(b) Cumulative sums per features for CTGAN

Figure 2: Comprehensive analysis of gumulative sums per features (Part 1).
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(c) Cumulative sums per features for the proposed model

Figure 2: Comprehensive analysis of cumulative sums per features (Part 2).

attention-based conditional GAN augmented with correlation coefficients from original datasets. This approach marks
a significant improvement over existing methods for synthetic data generation, which have struggled with precision
and reliability issues. Our model excels in accurately replicating the complex patterns of real-world agricultural data,
thereby generating synthetic datasets that are both realistic and relevant. The comprehensive evaluations of our model
confirm its superior performance, highlighting its capability to overcome the limitations of data scarcity in agricultural
Al This research provides a novel solution to a critical problem and paves the way for future advancements in Al-driven
agricultural technologies.
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