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Cabbage (Brassica oleracea var. capitata) is commonly cultivated in high altitudes and features dense, tightly
packed leaves. The Green Coronet variety is well-known for its robust growth and culinary versatility. Maxi-
mizing yield is crucial for food sustainability. It is essential to predict the soil’s major nutrients (nitrogen,
phosphorus, and potassium) to maximize the yield. Artificial intelligence is widely used for non-linear pre-
dictions with explainability. This research assessed the predictive capabilities of soil nitrogen, phosphorus, and
potassium levels with explainable machine learning methods over an 85-day cabbage growth period. Experi-
ments were conducted on cabbage plants grown in central hills of Sri Lanka. SHapley Additive exPlanations
(SHAP) and Local Interpretable Model-agnostic Explanations (LIME) were used to clarify the model’s predictions.
SHAP analysis showed that high feature values of the number of days and plant average leaf area negatively
impacted for nutrient predictions, while high feature values of leaf count and plant height had a positive effect on
the nutrient predictions. To validate the results, 15 greenhouse-grown cabbage plants at various growth stages
were selected. The nitrogen, phosphorus, and potassium levels were measured and compared with the predicted
values. These insights help refine predictive models and optimize agricultural practices. A user-friendly appli-
cation was developed to improve the accessibility and interpretation of predictions. This tool is a user-friendly
platform for end-users, enabling effective use of the model’s predictive capabilities.

1. Introduction

Cabbage (Brassica oleracea var. capitata) is a biennial vegetable
known for its dense heads. Belonging to the Brassicaceae family [1,2], it
is a close relative of broccoli, cauliflower, and Brussels sprouts. Culti-
vated for centuries, cabbage is valued globally for its culinary versatility
and nutritional value [3]. Cabbage is nutritionally rich, with low energy
density, minimal fat, and essential micronutrients [4,5]. Cabbage is rich
in micronutrients and contains a high amount of vitamin C (maximum
53.32 mg/100 g) for immune support and antioxidant power [6]. It
contributes significantly to vitamin K for blood clotting and bone health,
packs dietary fiber for gut health, and offers diverse B vitamins (folate,
pantothenic acid, pyridoxine) and essential minerals (potassium,
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manganese) for a balanced diet [1,7]. There are several types of cabbage
in the world. Napa cabbage (Pe-tsai group) features elongated, tender
leaves ideal for wraps and kimchi production [8]. Savoy cabbage
(Capitata group) boasts crinkled, loose leaves, often employed in soups
and gratins due to their high water content [9]. Bok choy (Chinensis
group) showcases thick stalks and dark green leaves, frequently utilized
in stir-fries and broths [10]. Lastly, Brussels sprouts (Gemmifera group)
form miniature cabbage-like heads on stalks, offering a unique flavor
profile ideal for roasting and steaming [11].

Fertilization is crucial for successful cabbage cultivation [12].
Similar to other plants, cabbage requires adequate levels of primary
macronutrients, nitrogen (N), phosphorus (P), and potassium (K) for
optimal growth and development [1,13,14]. Traditionally, conventional
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cabbage cultivation relies on chemical fertilizers like urea, muriate, and
triple superphosphate of potash to fulfill these nutritional needs [15].
Nevertheless, organic cultivation practices prioritize alternative sources
of nutrients such as rice bran, poultry manure, cow urine, cow dung, and
ash [16]. For both conventional and organic approaches, accurately
assessing the existing nutrient content of the soil is crucial. Prediction
models provide valuable insights for farmers, allowing for tailored
fertilization strategies.

Artificial Intelligence (AI) driven precision agriculture is trans-
forming farming practices [17]. Al algorithms, trained on expansive
datasets encompassing weather [18], soil properties [1,18,19], histori-
cal yields [18,20], and remote sensing imagery [21,22,23], are now
capable of performing sophisticated agricultural predictions. Previous
studies have extensively examined heavy metal uptake in Chinese cab-
bage (Brassica chinensis L.) cultivated in soils contaminated with cad-
mium (Cd), copper (Cu), nickel (Ni), lead (Pb), and zinc (Zn). Research
indicates that the bioavailability and subsequent accumulation of these
metals in cabbage are influenced by soil properties, particularly pH
levels. For instance, a study demonstrated that the uptake of Cd, Pb, and
Zn by Chinese cabbage is significantly affected by soil pH, with lower pH
levels enhancing metal solubility and uptake [24]. Additionally, the
chemical forms of these metals in the soil play a crucial role in their
absorption by plants. Advanced modeling techniques have been
employed to improve predictions of metal uptake in Chinese cabbage. A
notable approach involves integrating Geographic Information System
data with deep learning algorithms to predict crop yields based on soil
properties. For example, a modified Convolutional Neural
Network-Recurrent Neural Network model was developed to predict
cabbage yield by extracting soil characteristics from SoilGrids and soil
suitability maps. This model effectively captures the complex relation-
ships between soil attributes and crop performance [25]. Furthermore,
deep neural networks have been utilized to predict soil nitrogen, phos-
phorus, and potassium contents using the plant properties of cabbage.
By analyzing various plant growth parameters, these models can accu-
rately estimate soil nutrient levels, thereby aiding in precision agricul-
ture practices. Such predictive capabilities are essential for optimizing
fertilization strategies and ensuring sustainable crop production [1].
However, transparency has been lost, and farmers cannot understand
how the predictions occur and how the features affect the predictions
[26,27]. Explainable Al facilitates the understanding of how predictions
happen using explanations of the feature effects on the predictions.
Explainable Artificial intelligence (XAI) makes Al models with decisions
understandable to humans, such as Local Explanations, Global Expla-
nations, Rule-based Explanations, and instance-based explanations [28].
Traditional black-box models, while achieving impressive accuracy,
often leave farmers in the dark regarding the rationale behind their
recommendations [28]. XAI techniques, including feature importance
analysis, model introspection, and counterfactual reasoning, focus on
these processes, revealing which variables in the vast agricultural data
hold the most significant weight in impacting predictions [29,30].
Terminology such as black box, gray box, and white box is widely used
to describe varying degrees of accessibility to the internal essence of a
component in many research [31]. In contrast, a white box component is
entirely transparent, revealing all aspects of its design to the user. On the
other hand, intermediate levels of disclosure, referred to as grey box
components, exist depending on the extent of available details. The
black box environment within the context of Al is referred to as the
challenge of the system’s difficulty in providing a clear explanation for
how it reached an answer, commonly known as "the black-box nature”
[32]. This problem underscores the difficulty in comprehending the
inner workings of Al systems, hindering users’ ability to understand how
the system arrives at specific answers. Therefore, the concept of XAI
plays a crucial role in minimizing the black box concept problem
commonly associated with complex machine learning models [27]. XAI
offers transparency and interoperability of the machine learning ap-
proaches. Therefore, XAl seeks to expose the decision-making processes
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of complex machine learning (ML) models, making their outputs more
understandable for human users. The significance of XAI becomes
particularly pronounced in scenarios where the outcomes of Al systems
have significant importance in various research domains including
healthcare, agriculture, autonomous vehicle operations, etc. [33]. The
key objective of XAI is to build trust among end users. Therefore,
Al-generated predictions and decisions are more human-friendly [34].
This approach not only stimulates accountability and sustainable use of
Al but also encourages broader adoption by ensuring that users can
interpret and act upon Al outputs with confidence.

Cabbage is primarily considered an upcountry vegetable in Sri
Lanka. During the 2023 Maha season, total cabbage production in the
country reached 52,310.4 MT [35]. While cold climatic conditions
generally favor cabbage cultivation, heat-tolerant varieties have been
developed for successful growth in the dry zone [17,36]. The Depart-
ment of Agriculture, Sri Lanka recommends specific cabbage cultivars
for different climatic zones. Exotic and Hercules varieties thrive in the
up-country wet zone due to their cold tolerance, while Exotic, AS Cross,
and KY Cross offer broader adaptability for the mid-country. Recog-
nizing market demands, breeders have developed hybrid varieties with
desirable traits, such as those offered by Royal Sluis, Green Coronet,
Golden Cross, Green 123, Tropicana, and GS Cabbage [1,37-39].

Sajindra et al. [1] have predicted the cabbage cultivation soil N, P,
and K levels using traditional black-box models [1]. However, the
explainability of the developed prediction model was not discussed. This
research aims to develop an XAI model to predict soil nitrogen, phos-
phorus, and potassium levels in cabbage cultivation. By focusing on
individual nutrient predictions, the study seeks to enhance model
transparency and provide actionable insights for precision agriculture.
This approach addresses the limitations of traditional black-box models
by elucidating the complex relationships between cabbage plant char-
acteristics and soil macronutrient content. The ultimate goal is to enable
targeted fertilization strategies that optimize resource use, reduce
environmental impact, and promote sustainable agricultural practices.

2. Materials and methods
2.1. Case study data set

The cabbage plants were systematically cultivated within carefully
controlled greenhouse environments, adhering rigorously to established
standards. The selected research sites comprised greenhouses situated in
Marassana and Nuwara Eliya within the Central Province, as well as
Welimada in the Uva Province of Sri Lanka (refer to Fig. 1). Additionally,
each greenhouse in the mentioned locations was utilized to cultivate ten
Green Coronet cabbage plants in individual soil pots for the study’s
purpose. The cultivation process adhered to standardized conditions and
agricultural protocols intricately designed to optimize cabbage growth,
ensuring a consistent and uniform environment. These protocols
encompassed precise management of various parameters, including
temperature, lighting, humidity, irrigation, ventilation, and soil pH,
along with the thorough implementation of measures aimed at pest and
disease control [1].

At weekly intervals (every 7 days), the concentrations of soil major
nutrients, specifically nitrogen, phosphorus, and potassium, in the vi-
cinity of the plant near the soil were quantified using an NPK conduc-
tivity sensor (JXBS3001-DLJ). This monitoring persisted over a span of
85 days [1].

The nutrient concentrations were quantified in milligrams per kilo-
gram (mgkg ™). Concurrently, various plant characteristics, including
plant height, leaf count, and average leaf area, were systematically
recorded at weekly intervals (every 7 days) over the entire 85-day
observation period. The plant height, measured in centimeters (cm),
and the average leaf area, measured in square centimeters (cm?), for
each selected plant, were determined using a flexible tape graduated in
millimeters (mm) and a portable leaf area meter (LI-3000C) [40,41].
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Fig. 1. Selected research sites of central hills in Sri Lanka.

The cabbage plant height was measured as the vertical distance from the
soil surface to the apex of the cabbage plant at each growth stage. The
cabbage leaf area was assessed using a scanning head equipped with
diodes and paired detectors, enabling precise measurement as the cab-
bage leaf passed through the scanning mechanism.

2.2. Data set evaluation

The dataset collected for the study on cabbage plant growth was
devoid of missing values due to the systematic acquisition of relevant
measurements for both plants and soil pots at consistent weekly in-
tervals. Furthermore, a notable absence of complexity and a relatively
low standard deviation were observed in the dataset (Table 1). The data
distribution of the features is shown in Fig. 2.

According to the data distribution, the Day feature consistently
showed a frequency value of 30, corresponding to the 30 plants selected
for the study over the total 84 days. The Average Leaf Area, Plant Height,
and Plant Leaf Count features exhibited an increase in frequency as the
feature values increased. The distributions of the Day and Plant Leaf
Count features have fewer values spread across the sample space.

For further clarification and to select a model for prediction, a pre-
evaluation was conducted among Support Vector Regression (SVR), K-

Nearest Neighbors (KNN), Decision Tree, and Artificial Neural Network
(ANN). Based on the results, ANN was selected for prediction in the
model.

2.3. Overview of machine learning models employed in the study

In this study, SVR, KNN, Decision Tree, and ANN models were
employed to predict soil nutrient levels due to their effectiveness in
similar agricultural applications. SVR is adept at handling high-
dimensional data and capturing complex relationships between vari-
ables, making it suitable for modeling soil nutrient dynamics. KNN offers
simplicity and effectiveness in capturing local patterns within the data,
which is beneficial for soil nutrient prediction. Decision Trees provide
clear interpretability by illustrating decisions based on feature values,
aiding in understanding the influence of different factors on soil nutri-
ents. ANNs are capable of modeling complex, non-linear relationships,
making them suitable for capturing intricate patterns in soil nutrient
data. The feature scaling process was applied to the ANN, SVR, and KNN
models. The *StandardScaler’ method was used for this purpose. How-
ever, for tree based models, such as Decision Trees, scaling was not
required, as these models are insensitive to feature magnitudes. There-
fore, they were applied directly without scaling. By leveraging these

Table 1

Descriptive data of factors used in the model.
Days 7 14 21 28 35 42 49 56 63 70 77 84
Mean height 0 5.03 8.1 10.83 15.17 16.27 19.00 20.1 22.13 23.37 23.37 23.37
Mean Average leaf area 0 5.57 53.07 93.9 148.63 192.53 261.63 309.37 354.6 378.77 381.73 382.97
Mean of leaf count 0 2.00 3.73 5.93 8.50 10.33 11.90 13.33 13.5 13.57 13.60 13.60
Mean N content (mgkg’l) 43.75 42.27 40.82 35.9 32.47 30.91 25.11 23.82 21.37 20.17 19.99 19.81
Mean P content (mgkg’l) 19.21 17.31 15.63 14.34 13.26 11.27 10.15 10.5 9.83 10.23 9.72 9.43
Mean K content (mgkg’l) 51.55 45.35 44.32 43.01 38.88 32.75 30.45 28.42 27.64 26.41 26.65 26.45
SD of height 0 0.55 0.75 0.73 1.07 1.00 1.10 1.01 1.23 1.14 1.14 1.14
SD of Average leaf area 0 1.15 7.99 10.96 26.76 13.56 28.19 40.54 35.29 26.87 27.72 27.93
SD of leaf count 0 0 0.57 0.25 0.56 0.57 0.47 0.75 0.72 0.72 0.76 0.76
SD of N content (mgkg’l) 2.00 2.01 1.91 1.84 1.67 1.59 1.33 1.15 0.87 0.80 0.63 0.60
SD of P content (mgkg’l) 0.95 0.45 0.49 0.27 0.50 0.37 0.28 0.29 0.57 0.67 0.57 0.64
SD of K content (mgkg’l) 0.73 1.08 1.57 0.82 1.24 0.76 0.84 0.77 0.93 0.63 0.61 0.59

SD denotes Standard Deviation.
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Distribution of Plant Average Leaf Area Values
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Fig. 2. Data distribution of the features (units: Plant Average Leaf Area (cmz); Plant Height (cm)); The variables (a), (b), (c), and (d) represent the number of days,
average leaf area, plant height, and leaf count, respectively, with each feature’s deviation analyzed in relation to its frequency.

diverse methodologies, the study aimed to identify the most accurate
and interpretable models for soil nutrient prediction, thereby enhancing
precision agriculture practices.

2.3.1. Support vector regression (SVR)

SVR is a sophisticated and versatile machine learning model used
primarily for regression tasks. It is an extension of the Support Vector
Machine, a model traditionally used for classification [42]. SVR operates
by finding a hyperplane that best fits the data while maintaining a
margin of tolerance (epsilon) around the predicted values. This margin
allows the model to be robust to outliers and noise, making SVR

particularly useful in real-world scenarios where data may not be
perfectly clean [43]. One of the key features of SVR is its ability to
handle non-linear relationships through the use of kernel functions, such
as radial basis function, polynomial, and sigmoid kernels. These kernels
map the input data into a higher-dimensional space, allowing the model
to capture complex patterns that linear models might miss [44]. How-
ever, SVR requires careful tuning of its hyperparameters, such as the
regularization parameter, epsilon, and kernel parameters, to achieve
optimal performance [45]. Additionally, while SVR is effective in
high-dimensional spaces, it can be computationally expensive, espe-
cially for large datasets, due to the need to solve quadratic programming
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problems during the training phase [46].

2.3.2. K-Nearest neighbors (KNN)

KNN is one of the simplest yet powerful machine learning models,
widely used for both classification and regression tasks [47]. KNN is an
instance-based, non-parametric learning algorithm, meaning it does not
assume any specific form for the underlying data distribution. Instead,
KNN operates by storing the entire training dataset and making pre-
dictions based on the similarity between the new data point and the
existing points [48]. The similarity is typically measured using a dis-
tance metric such as Euclidean distance, though other metrics like
Manhattan or Hamming distance can also be used depending on the
nature of the data [49]. The key parameter in KNN is ’K,” the number of
nearest neighbors considered when making a prediction. A smaller K
makes the model sensitive to noise and outliers, while a larger K smooths
the decision boundaries. Despite its simplicity and ease of imple-
mentation, KNN can become computationally intensive during the
prediction phase, especially with large datasets, since it requires calcu-
lating distances to all training instances. Furthermore, KNN is highly
sensitive to the scale of the features, necessitating proper data normal-
ization or standardization before applying the model [50].

2.3.3. Decision Tree

Decision Trees are versatile machine learning models used for both
classification and regression, known for their simplicity and interpret-
ability. A Decision Tree model works by recursively splitting the dataset
into subsets based on the most significant feature at each node, which is
determined using criteria like Gini impurity, information gain, or vari-
ance reduction [51]. The tree grows by creating branches and leaves,
where each branch represents a decision based on a feature, and each
leaf node represents a final prediction [52]. One of the key strengths of
Decision Trees is their interpretability; the model’s decision-making
process is transparent, allowing users to easily understand how the
predictions are made. However, Decision Trees have a tendency to
overfit, particularly with noisy or complex data, leading to poor
generalization to new, unseen data. To mitigate overfitting, pruning
techniques are often employed, which involve removing branches that

Input Layer

Hidden Layers
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add little predictive power to the model [53]. Despite their limitations,
Decision Trees can handle both numerical and categorical data, making
them a popular choice in various applications [12].

2.3.4. Artificial neural network (ANN)

ANNs are highly flexible and powerful models inspired by the
structure and functioning of the human brain. ANNs consist of layers of
interconnected neurons, where each neuron receives inputs, applies a
transformation through an activation function, and passes the output to
the neurons in the next layer. The architecture of an ANN typically in-
cludes an input layer, one or more hidden layers, and an output layer.
The hidden layers are where the model learns to capture complex, non-
linear relationships in the data [54]. ANNs are trained using a process
called backpropagation, where the model adjusts the weights of the
connections between neurons to minimize the error between predicted
and actual values. This training process involves optimization tech-
niques like gradient descent, which iteratively updates the weights to
converge to a solution that best fits the data [55]. ANNs are incredibly
versatile and can be applied to a wide range of tasks, including image
recognition, natural language processing, and time-series forecasting
[56,57,58].

2.4. Model development and training

A neural network model was developed in this study. The model
comprises three hidden layers, excluding the input and output layers,
with each hidden layer comprising one hundred nodes. Additionally, the
input layer consists of four nodes, while the output layer consists of three
nodes (Fig. 3). Eq. (1) represents the formulation of the relationship
modeled in this study.

Plant Height, Number of Leaves,
Ncontenh Pcontenh Kcontent = ¢ ( lg ) f )

Average Leaf Area, Number of Days
€y

The dataset was divided, with 80 % allocated for training the model
and the remaining 20 % for testing. Additionally, 15 data points were
separated to cover all stages of the plant for validation purposes [59].
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Furthermore, the SHAP and LIME methods were employed to clarify the
model’s predictions [60]. The SHAP technique was utilized to compre-
hend the overall behavior of the model across the entire dataset, rather
than focusing on individual predictions. Similarly, the LIME technique
was utilized to explain the individual predictions made by the model in a
locally interpretable manner. The entire computational framework was
implemented using Python as the programming language. Google-Colab
was used as the computational environment, providing the requisite
resources for training and evaluation purposes [57].

Web Application Architecture and Data Flow - The tool was
developed and deployed in a Google Colab environment, featuring a
user-friendly front-end interface. Connectivity between the server and
client sides was established using Ngrok, enabling the prediction of
major soil nutrient content based on cabbage plant characteristics. The
Ngrok is a flexible API gateway, that provides instant and secure con-
nectivity for testing the web application, enabling remote access to the
locally hosted model without requiring a complex setup.

The interface includes an HTML form with input fields corresponding
to three key features derived from cabbage plants and weekly time in-
tervals. When the user enters data and submits the form, the input is
captured and sent via an HTTP POST request to the server-side. Here, the
pre-trained machine learning model, stored in the cloud environment,
processes the input and generates predictions.

Model Integration and Response Handling - Upon receiving the
input data, the server-side loads the machine learning model as .sav file
and feeds the input data into it for prediction. The model processes the
input and returns the predicted values. These predictions are then
encapsulated in the server’s response and sent back to the client side.
The HTML page updates to display the prediction results, providing real-
time feedback to the user. This process, powered by Ngrok, services and
uses HTTPS protocol to ensure secure and efficient communication be-
tween the client (HTML interface) and the server (model processing), all
within the cloud environment.

2.5. Performance evaluation

In this model, we utilized 200 iterations to achieve a high level of
accuracy, reaching 97 % for both training and testing. Fig. 4 illustrates
the learning curve of the model, where the X-axis represents the number
of iterations, and the Y-axis represents the loss during the training stage.
The loss rapidly decreases in between iterations 0 to 24 during the
training stage of the model as expected. Subsequently, the plot indicates
minimal changes in loss during iterations 75 to 200. However, the model
achieved good accuracy with a negligible difference between training
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and testing accuracy level under 200 iterations.

After completing the development of the Deep learning model, a
user-friendly interface was developed. This application was designed
with the aim of simplifying user interactions and enhancing overall
usability, ensuring a seamless experience for users interacting with the
model’s functionalities.

2.6. Shapley additive explanations (SHAP)

The SHAP framework aims to explain a model’s predictions by
calculating the contribution of each feature to the predictions [61]. It
utilizes Shapley Values, originally from game theory, to achieve this
objective. As such, SHAP aligns with fundamental principles in game
theory when determining feature importance. Moreover, SHAP offers
insights at both local and global levels regarding an ML model’s
behavior [62,63,64]. Lundberg and Lee [61] have proposed employing
the Shapley value to calculate feature importance. Additionally, Liang
et al. [65] presented an intricate classification of explanation models,
with SHAP being identified as a data-driven and perturbation-based
technique. As a result, SHAP depends on input parameters and does
not necessitate understanding the operation sequence of the ML model
[62,63]. Lundberg and Lee [61] have introduced various versions of
SHAP tailored to specific ML model categories, such as DeepSHAP,
Kernel SHAP, LinearSHAP, and TreeSHAP [66]. In this study, Kernel
SHAP is utilized to explain the deep learning model predictions. More-
over, this research utilizes keras, Scikit-learn (Sklearn), Matplotlib,
NumPy, Pandas, and the SHAP libraries for implementation purposes.

Lundberg and Lee demonstrated that employing a weighted linear
regression model as the local surrogate, along with an appropriate
weighting kernel, allows the regression coefficients of the LIME surro-
gate to estimate the SHAP values [61]. The Shapley kernel used to derive
SHAP values is as follows (refer to Eq. (2)).

, M-1)

T (2) = (M chose|z )| |(M — |2) ”

M denotes the quantity of features, while |2| represents the number
of non-zero features in the simplified input /. The importance of
Shapley values for XAI, can be described throughout all additive feature
attribution methods [67]. Overall, the SHAP calculate the contribution
of each feature (player) to the model prediction (game).

2.7. Local interpretable model agnostic explanations (LIME)

LIME is also an explanation method of XAl in local instances. Hence,

100 150 200

Iteration

Fig. 4. Training stage learning curve of the model.
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the LIME method is designed to provide reliable explanations for the
predictions of any classifier or regression. It achieves this by locally
approximating the model with an interpretable model. LIME is focused
on providing an easily interpretable method with a strong emphasis on
local reliability. Local reliability ensures that explanations for individual
predictions accurately reflect how the model behaves in the immediate
vicinity of the prediction being made [68]. LIME employs a structured
approach to explain predictions made by the model. The process in-
volves generating new samples and subsequently obtaining their pre-
dictions using the original model. These new samples are then weighed
based on their proximity to the specific instance being explained. This
methodical process allows LIME to provide reliable and interpretable
explanations for individual predictions, enhancing the transparency and
understanding of complex ML models [69].

By utilizing the output probabilities derived from a set of samples
that encompass the relevant input area for clarification, LIME constructs
a linear model. The weights of this substitute model are then utilized to
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Study previous related research !
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evaluate the importance of input features. Moreover, LIME’s model-
agnostic nature allows it to be applied effectively to various machine-
learning models without constraints [68,69].

2.8. Overall methodology

To provide a comprehensive understanding of the process, the
overall methodology is illustrated in Fig. 5 as a block diagram. The
following steps were carried out.

1. The web application is started on the cloud environment.

2. A tunnel to the private cloud environment is created through the
specified port using the 'Ngrok’ executable process.

3. The publicly accessible temporary URL is shared.

4. The received URL is shared with the end-users who need to access the
web application.

5. The web URL is accessed by end users on the internet.
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6. Once the request arrives at the ‘Ngrok’ web server (as the URL be-
longs to an ngrok.com subdomain, requests are first routed to the
‘Ngrok’ web server), it maps the URL to the corresponding applica-
tion for tunneling.

. The request is forwarded by Ngrok to the tunnel established in Step

2.
. The forwarded request is connected to the application.

2.9. Model accuracy evaluation

The coefficient of determination, often denoted as R?, is a statistical
measure that assesses the proportion of the variance in the dependent
variable (y) that is explained by the independent variable(s) (x) in a
regression model. In other words, it quantifies the goodness of fit of the
regression model to the observed data. The R? equation is shown in Eq.

3.

R2=1-— M
2 (i— V)z

y; denotes the actual y values, while y; denotes predicted y values. y
denotes the mean of the y values. SSR is a statistical term used to
measure the amount of variation in the dependent variable (y) that is
explained by the independent variable(s) (x) in a regression model. In
other words, SSR quantifies how well the regression line fits the data
points. SST is a statistical measure that represents the total variability in
the dependent variable (y) without considering any explanatory vari-
ables. It quantifies the dispersion of the observed y values around their
mean (¥), regardless of any relationship with the independent variable
(s) [70].

The mean squared error (MSE) is a statistical measure that quantifies
the average squared difference between the actual observed values of a
variable and the corresponding predicted values produced by a model.
In the context of regression analysis, MSE is commonly used to assess the
accuracy of a predictive model (refer Eq. (4)) [1].

3

Yiax — v
MSE = =N 4)

Let x represent the observed values and y denote the predicted
maximum value for a given observation, ranging from i to n. The
parameter N signifies the total number of observations.

MBE (Eq. (5)) stands for Mean Bias Error, a statistical measure used
to assess the accuracy of a predictive model by calculating the average
bias or difference between the predicted and observed values. It helps in
determining whether a model tends to overestimate or underestimate
the actual values. A positive MBE indicates that the model, on average,
overestimates the observed values, while a negative MBE suggests that
the model, on average, underestimates them. This measure is particu-
larly useful in evaluating model performance and understanding the
direction of bias.

n

1
MBE = > (-0

i=n

(5)

n represents the total number of observations or data points, P; is the
predicted value for the i th observation, and O; is the observed (actual)
value for the i th observation.
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3. Results and discussion
3.1. Pre-evaluation and model predictions

The pre-evaluation results of the SVR, KNN, Decision Tree, and ANN
models can be seen in Table 2. This section details how features such as
average leaf area, plant height, number of leaves, and number of days
function within these models, and presents their performance metri-
cs—including R?, RMSE, MSE, and MBE—across various models.

According to the results, comparatively lower R* values of 0.70 and
0.69 for training and testing, respectively, were recorded in KNN, while
the highest values were observed in ANN, with 0.96 and 0.97 for
training and testing, respectively. This indicates that the ANN model
demonstrated superior regression performance compared to the other
models. Furthermore, the results show that KNN recorded the highest
MSE and RMSE values, with 14.69 and 3.83 for training, and 17.15 and
4.14 for testing, respectively. In contrast, ANN recorded the lowest MSE
and RMSE values, with 1.82 and 1.35 for training, and 1.18 and 1.09 for
testing, respectively. These findings highlight ANN as the most accurate
model, outperforming the others in terms of predictive accuracy and
error minimization. For further clarification of the model evaluations,
Fig. 6 shows a comparison of the actual and predicted values in the
training and testing graphs for each model. The ANN model demon-
strates the best performance, with minimal deviations exceeding the 10
% and 20 % error lines, achieving high R? values for both training and
testing (Fig. 6(d) and (h)). In both figures, all the actual versus predicted
data points are clustered near the regression line, indicating a low error
of the model.

According to the MBE values, the ANN model shows the closest
training and testing values to zero, with 0.11 and —0.01, respectively.
This indicates that the model has minimal overestimations and un-
derestimations in both training and testing, suggesting low systematic
bias and strong prediction accuracy compared to other models. When
comparing R?, RMSE, MSE, and MBE values with other models, the
overall best model is ANN.

3.2. Explanation of model predictions using SHAP

Fig. 7 shows each feature importance for the prediction of soil N, P,
and K content.

In the heat map, colors represent data values that indicate the impact
of different features on predicting N, P, and K content. Features associ-
ated with higher values in the heat map have a greater effect on pre-
dicting the respective nutrients. According to Fig. 7, the Day feature had
the highest impact on the prediction of soil N, and K, while the Plant
Height feature had the lowest impact for the predictions. The least effect
on the prediction was observed in the prediction of soil N content by the
Plant Height feature, while the greatest effect was observed in the pre-
diction of soil K content by the Day feature.

Fig. 8 represents a global dataset, with SHAP values displayed on the
x-axis, indicating their impact on the model output. The y-axis repre-
sents the selected features in the model. As the feature values transition
from low to high, the color gradient shifts from blue to red, denoting the
change in feature values [71].

The levels of soil remaining N, P, and K significantly affect various
features: height, leaf count, average leaf area, and days. This impact is

Table 2

Descriptive data of factors used in the model.
Index Training Testing

SVR KNN Decision Tree ANN SVR KNN Decision Tree ANN

R? 0.86 0.70 0.79 0.96 0.87 0.69 0.85 0.97
RMSE 2.89 3.83 3.15 1.35 3.03 4.14 2.97 1.09
MSE 8.37 14.69 9.90 1.82 9.19 17.15 8.80 1.18
MBE —0.67 -1.13 -0.13 0.11 —0.89 -1.53 0.05 —0.01
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(a) to (d) denote the training results of the models, while (e) to (h) denote the testing results of the models.
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Fig. 8. SHAP values for the different features used in the model.

discernible through the distribution range of feature values with the
SHAP values. The analysis of SHAP values reveals notable insights into
the dynamic relationship between various factors and the model’s pre-
dictive accuracy. Firstly, as the number of days features increases, it
affects negatively on the model predictions of soil nutrient content, as
evidenced by the presence of negative SHAP values. Similarly, when the
average leaf area feature increases, the model predictions of soil nutri-
ents content show a negative impact with negative SHAP values.

When increasing plant leaf count feature, it affects to positively to
the model prediction of soil nutrient showing positive SHAP values.
When the plant height feature increases it shows improved predictions
of soil nutrients by showing positive SHAP values. This finding suggests
that as the number of leaves and plant height increase over time, the
model benefits from more robust and distinguishable features,
enhancing its ability to make accurate predictions. Overall, these ob-
servations underscore the intricate interaction among temporal factors,
such as cultivation duration and evolving plant characteristics, and their
influence on the model’s predictive performance, emphasizing the sig-
nificance of considering these dynamics in agricultural modeling and
analysis.

3.3. Explanation of model predictions using LIME

When considering instances, LIME was used in six specific instances
[72], with two instances each categorized as high, middle, and low.
These instances corresponded to different stages of plant growth,
including the near-harvest stage of cabbage, the middle growth phase,
and the initial growth phase of cabbage.

In the 1st high instance, Plant Height and Plant Leaf Count recorded
positive contribution values for the prediction of N, P, and K, with
respective values of 1.3, 0.68, 1.92 and 2.45, 1.22, 3.78, indicating a
positive impact on the prediction. Conversely, Average Leaf Area and
Day features recorded negative contribution values for the prediction of
N, P, and K, with respective values of —5.84, —1.88, —6.05 and —10.21,
—3.52, —10.80, indicating a negative impact on the prediction. In the
2nd high instance, Plant Height and Plant Leaf Count recorded positive
contribution values for the prediction of N, P, and K, with respective
values of 1.25, 0.74, 1.65 and 1.20, 0.43, 1.57, indicating a positive
impact on the prediction. Conversely, Average Leaf Area and Day

10

features recorded negative contribution values for the prediction of N, P,
and K, with respective values of —5.84, —1.88, —6.05 and —10.21,
—3.52, —10.80, indicating a negative impact on the prediction.

Based on the analysis of two high instances, as depicted in Figs. 9
(a—c) and 9 (d-f), it was observed that the soil K content prediction is
positively influenced by the features of leaf count and height, while it is
negatively affected by the features of days and average leaf area. Simi-
larly, for the prediction of soil N content, leaf count and height exhibit a
positive impact, whereas days and average leaf area demonstrate a
negative impact on the prediction, as seen in the aforementioned in-
stances. Additionally, for soil P content prediction, height and leaf count
also show a positive impact, while days and average leaf area exhibit a
negative impact. These observations suggest that certain plant charac-
teristics, such as leaf count and height, contribute positively to the
prediction of soil nutrient content, while other factors, such as the
number of days and average leaf area, may have a detrimental effect.
The lowest contribution value (—10.80) Day feature consistently
exhibited the greatest negative impact on the prediction in both in-
stances, while the highest positive contribution value (3.78) on the
prediction was observed with the leaf count feature in predicting K
content of soil in 1st high instance (Fig. 9(c)). The highest positive
contribution value (1.65) on the prediction in the 2nd high instance was
observed with the Plant Height feature in predicting K content of soil.

In the 1st medium instance, Average leaf area recorded positive
contribution values for the prediction of N, P, and K, with respective
values of 1.5, 0.4, 1.69, indicating a positive impact on the prediction.
Conversely, the Day, Plant Leaf Count, and Plant Height features
recorded negative contribution values for the prediction of N, P, and K,
with respective values of —0.1, —0.17, —0.08; —1.22, —0.52, —1.78; and
—1.27, —0.71, —1.72, indicating a negative impact on the prediction. In
the 2nd high instance, Plant Leaf Count recorded positive contribution
values for the prediction of N, P, and K, with respective values of 1.04,
1.03, 1.94, indicating a positive impact on the prediction. Conversely,
the Day, Plant Height, and Average leaf area features recorded negative
contribution values for the prediction of N, P, and K, with respective
values of —0.32, —0.35, —0.30; —1.34, —0.73, —1.81; and —4.21, —1.57,
—5.10, indicating a negative impact on the prediction.

Based on the analysis of two medium instances for predicting the N
content of the soil, the Average Leaf Area feature shows a positive effect
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Fig. 9. LIME graphs for selected two high instances: (a), (b), and (c) represent the contribution of features for predicting soil N, P, and K, respectively, in the 1st high
instance; (d), (e), and (f) represent the contribution of features for predicting soil N, P, and K, respectively, in the 2nd high instance of the testing data.

on the model’s prediction in the 1st medium instance (Fig. 10a), while it
shows a negative effect in the 2nd medium instance (Fig. 10d).
Conversely, Plant Leaf Count shows a negative effect on the model’s
prediction in the 1st medium instance (Fig. 10a), while it shows a pos-
itive effect in the 2nd medium instance (Fig. 10d). In both instances, the
Day and Plant Height features negatively affect the model in predicting
soil K content. When predicting the P content of the soil, similar to the
effect on N, the Average Leaf Area feature shows a positive effect on the
model’s prediction in the 1st medium instance (Fig. 10b), while it shows
a negative effect in the 2nd medium instance (Fig. 10e). Conversely,
Plant Leaf Count shows a negative effect on the model’s prediction in the
1st medium instance (Fig. 10b), while it shows a positive effect in the
2nd medium instance (Fig. 10e). In both instances, the Day and Plant
Height features negatively affect the model in predicting soil P content.
When predicting the K content of the soil, similar to the effect on N and
P, the Average Leaf Area feature shows a positive effect on the model’s

-0.76 < Number of Days <= 0.13
4 < Number of Days < | N
£ -0.70 < Plant Leaf Count<=0.35 | [ N DAREEEDED
-0.93 < Plant Average Leaf Area <= -0.03 -1
-1 -05 0 05 1 15
Contribution
(a)
« f -
" 0.76 < Number of Days <= 0.13 [ ]
£ -0.93 <Plant Average Leaf Area <= -0.03 ] o
3 -0.70 < Plant Leaf Count <= 0.35 ]
; |-
-0.6 -0.4 -0.2 o 02 0.4
Contribution
-0.76 < Number of Days <= 0,13 .
2 1
£ -0.93<Plant Average Leat Area <= 003 ] )
-15 -1 -05 0 05 1 15
Contribution
(©)

Features

Features

Features

prediction in the 1st medium instance (Fig. 10c), while it shows a
negative effect in the 2nd medium instance (Fig. 10f). Conversely, Plant
Leaf Count shows a negative effect on the model’s prediction in the 1st
medium instance (Fig. 10c), while it shows a positive effect in the 2nd
medium instance (Fig. 10f). In both instances, the Day and Plant Height
features negatively affect the model in predicting soil K content. The
greatest positive and negative contribution values in the 1st instance
were 1.69 and —1.78, respectively, while in the 2nd instance, they were
1.94 and —5.10, respectively, in the prediction of soil K content.

In the 1st low instance, Average leaf area and day features recorded
positive contribution values for the prediction of N, P, and K, with
respective values of 9.07, 3.24, 9.16 and 13, 4.1, 13.72, indicating a
positive impact on the prediction. In predicting soil N content, the Plant
Height feature shows a minimal positive impact, resulting in a contri-
bution value of 0.01. Conversely, Plant Height and Plant Leaf Count
features recorded negative contribution values for the prediction of P,
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Fig. 10. LIME graphs for selected two medium instances: (a), (b), and (c) represent the contribution of features for predicting soil N, P, and K, respectively, in the 1st
medium instance; (d), (e), and (f) represent the contribution of features for predicting soil N, P, and K, respectively, in the 2nd medium instance of the testing data.
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and K, with respective values of —0.20, —0.30 and —0.91, —3.96, indi-
cating a negative impact on the prediction. In predicting soil N content,
the Plant Leaf Count shows a negative impact, resulting in a contribution
value of —2.45. In the 2nd low instance, Average leaf area and day
features recorded positive contribution values for the prediction of N, P,
and K, with respective values of 1.45, 0.48, 1.76 and 13.11, 4.66, 13.71,
indicating a positive impact on the prediction. In predicting soil N
content, the Plant Height feature shows a minimal positive impact,
resulting in a contribution value of 0.08. Conversely, Plant Height and
Plant Leaf Count features recorded negative contribution values for the
prediction of P, and K, with respective values of —0.03, —0.50 and
—0.93, —3.77, indicating a negative impact on the prediction. In pre-
dicting soil N content, the Plant Leaf Count shows a negative impact,
resulting in a contribution value of —2.70.

Based on the analysis of two low instances for predicting the N
content of the soil, the Average Leaf Area, Plant Height, and Day features
show a positive effect on the model’s prediction, resulting in positive
contribution values, while the Plant Leaf Count feature shows a negative
impact on the model’s prediction, resulting in negative contribution
values (Fig. 11(a) and 11(d). For predicting the P content of the soil in
two low instances, the Average Leaf Area and Day features show a
positive effect on the model’s prediction, resulting in positive contri-
bution values, while the Plant Leaf Count and Plant Height features
show a negative impact on the model’s prediction, resulting in negative
contribution values (Fig. 11(b) and 11(e)). Similar to the effects
observed in P content prediction, for predicting the K content of the soil
in two low instances, the Average Leaf Area and Day features show a
positive effect on the model’s prediction, resulting in positive contri-
bution values, while the Plant Leaf Count and Plant Height features
show a negative impact, resulting in negative contribution values
(Fig. 11(b) and 11(e)). The greatest positive and negative contribution
values in the 1st instance were 13.72 and —3.96, respectively, while in
the 2nd instance, they were 13.7 and —3.77, respectively, in the pre-
diction of soil K content.

3.4. ’SoilNutriPredictor’ web application

With these results, a web application named “SoilNutriPredictor” has
been developed with a user-friendly interface (refer to Fig. 12) to
facilitate users’ tasks. Users can feed four input parameters including the
number of days on a weekly basis, the height of the cabbage plant in cm,
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the leaf count of the cabbage plant, and the average leaf area of the
cabbage plant in cm?. These inputs undergo a scaling process before
being transferred to the developed deep-learning model. The model then
predicts the N, P, and K content of the soil based on the characteristics of
the plant, providing outputs in units of mgkg™'. In addition, a reset
button was created to clear the entered input values and prepare for new
input.

Hence, the user-friendly application that can be used by the farmers
showcases a greater novelty. This enhances the sustainability concept of
food and agriculture which led to the reach of Sustainable Development
Goal 2 - “Zero Hunger”. Agriculture and food sustainability is an
appealing topic among many communities in an increasing population
phase. Therefore, the developments presented in this research would be
highly important for understanding sustainable fertilizer levels to reach
maximum benefits. In addition, optimal fertilizer levels in the farmlands
minimize surface water runoff pollution. This is an added benefit from
the developed model.

Mobile applications are more popular among modern society
including farmers due to their ease of use and the evolution of the mobile
phone industry. Hence a mobile application can be developed for this
purpose, and future endeavors can be expanded to automatically detect
all input features such as the number of days, height, leaf count, and
average leaf area of the plant using computer vision techniques.
Therefore, predicted outputs can be obtained by farmers and agriculture
specialists in real-time situations without consuming much time. This
would be the future of the Internet of Things (IoT) in agriculture.

Validation was conducted using newly grown, randomly selected
greenhouse-grown cabbage plants at different stages. To validate the
developed tool, 15 points of real-time data were used. After prediction,
the differences between the actual and predicted data were observed
(Fig. 13). The predicted values showed minimal differences from the
real-time data, indicating that the model performed accurately with
minimal errors.

4. Conclusions

Predictions for cabbage and other vegetables have been attempted in
previous research using various machine learning techniques. However,
a significant gap in the literature has been identified due to the lack of
clear explanations regarding how these predictions are generated. The
introduction of explainable artificial intelligence aimed to understand
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Fig. 11. LIME graphs for selected two low instances: (a), (b), and (c) represent the contribution of features for predicting soil N, P, and K, respectively, in the 1st low
instance; (d), (e), and (f) represent the contribution of features for predicting soil N, P, and K, respectively, in the 2nd low instance of the testing data.
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‘N’ Content of Soil (mg/kg) = 33.42
‘P’ Content of Soil (mg/kg) = 16.12
‘K’ Content of Soil (mg/kg) = 40.66

Fig. 12. ’SoilNutriPredictor’ web application interface.
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Fig. 13. Validation plot of the developed tool based on real-time data.

the model predictions. In this study, the prediction and elucidation of
soil N, P, and K levels alongside cabbage plant growth characteristics
were demonstrated. To achieve this, SHAP and LIME techniques were
employed to provide insights into both the global dataset and specific
instances, respectively. In the initial pre-evaluation of models, ANN was
identified as the most suitable model for prediction, as it recorded lower
MSE (Training=1.82, Testing=1.18) and higher R? (Training=0.96,

13

Testing=0.97) values compared to SVR, KNN, and Decision Tree models.
In the SHAP, certain features such as day and average leaf area were
observed to exhibit a negative impact on the model’s predictions of soil
N, P, and K content, while others like the number of leaves and plant
height showed a positive impact on the model. Notably, the impact of
these features across different instances was highlighted by LIME anal-
ysis, offering valuable insights into the prediction process. To enhance
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user accessibility and usability, a user-friendly interface application was
developed. This application serves as a tool for individuals with varying
levels of technical expertise, facilitating their utilization of the predic-
tive model. By bridging the gap between complex machine learning
algorithms and end-users, our research contributes to the democratiza-
tion of predictive analytics in agriculture and beyond.

Integrating the predictive model with IoT technologies can facilitate
real-time soil nutrient monitoring. By deploying IoT-based soil sensors
capable of measuring parameters such as moisture content, pH levels,
temperature, and nutrient concentrations, data can be collected
continuously and transmitted wirelessly to a central system. Advanced
algorithms can then analyze this data to provide actionable insights,
enabling timely interventions and optimizing fertilization strategies.

The fusion of machine learning models with IoT devices represents a
significant advancement in precision agriculture. This integration allows
for the development of intelligent systems that not only monitor soil
health in real-time but also predict future nutrient requirements based
on continuous data analysis. Such systems can lead to more efficient
resource utilization, reduced environmental impact, and enhanced crop
yields.
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