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Abstract Soil fertility is defined in terms of various nutrients present in the soil and has a direct impact on the sustained
production of crops. Amongst various nutrients, nitrogen (N), phosphorous (P), and potassium (K), all together NPK, play
the most significant role in gross crop yield. Precise estimation of the fertility status of existing soil NPK is the most significant
task for proper fertilizer management. Traditionally, the fertility status of NPK is estimated by chemical analysis, which is
expert- dependent and expensive for field applications. Thus, rural farmers apply various fertilizers without estimating the
current fertility status of the nutrients, which leads to a nutrient imbalance and a serious threat to sustainable agriculture.
Instead, several traditional machine learning models have been suggested for estimating the fertility status of various soil
nutrients. However, they have some major limitations with poor performances. Conversely, the stacked ensemble models
are more stable and robust compared to base learners with better predictive accuracy. Several successful applications of
such models have been reported. However, no stacked ensemble model has been designed for estimating the fertility status
of NPK using a trustworthy soil data repository. This paper proposes a novel architecture of a stacked ensemble model for
precise estimation of the fertility status of three macronutrients, NPK. The novelty of this work is that the architecture of
the existing stacked ensemble models has been restructured by incorporating an additional preprocessing module along
with a data feedback technique to boost up the performance. Undoubtedly, a web-based version of such a model will be
beneficial for rural farmers and agricultural decision-makers when accessed using smartphones. Our proposed model was
experimentally validated using authentic field datasets. Empirical results revealed that our proposed model outperformed
all other existing models both in terms of average accuracy (0.8457) and average Cohen’s kappa (0.6114).
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1. Introduction

Poor soil fertility is one of the most significant challenges that directly reduces the quality and quantity of agricultural
yields (Sengupta & Sonwani, 2012). Fertility is defined in terms of various nutrients present in the soil. Amongst them, nitrogen
(N), phosphorous (P), and potassium (K), all together NPK are called macronutrients, whereas sulphur (S), iron (Fe), boron (B),
copper (Cu), and manganese (Mn) are needed in small quantities and are called micronutrients (Zekri and Obreza, 2003).
The macronutrients are required in large quantities, while micronutrients are needed in small quantities, and the farmers are
less concerned about the micronutrients. The macronutrients play the most significant role in the growth of a healthy crop,
and their inadequate supply enforces a detrimental impact on gross crop yield (Kumar Chauhan et al., 2014). Nitrogen is an
important constituent of chlorophyll, which is directly involved in the photosynthesis process (Nursu’aidah, et al., 2014) and
helps to boost fruit and seed production, speed up plant growth, and improve the quality of forage crops and leaves (Mengel,
1987). Phosphorus is crucial for root development, flowering, and fruiting of a plant, and is a key component of DNA
(deoxyribonucleic acid), RNA (ribonucleic acid), and ATP (adenosine triphosphate) (Marschner, 2011). Potassium is involved in
various physiological processes that enhance photosynthesis, activate enzymes, regulate water balance, aid in the
transportation of nutrients, and support overall plant growth and development (Pettigrew, 2008). For sustained production of
crops, maintaining healthy soil necessitates the timely addition of adequate soil nutrients through proper management of
fertilizers. Prior to cultivation, precise estimation of fertility status (or level) of existing macronutrients (NPK) in arable soil is
one of the most significant and underpinning tasks for proper fertilizer management leading to better yield. As an agricultural
practice, the fertility status of the various soil nutrients is generally estimated through chemical analysis in soil testing
laboratories. The scarcity of soil testing laboratories, adequately skilled professionals, and the cost of expensive chemicals
make the process practically infeasible to be deployed in the widespread and remote cultivations in most countries.
Consequently, rural farmers typically rely on their own traditional fertilization practices without estimating the existing fertility
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status of the nutrients (Fabregas et al., 2019), which, in turn, results in a nutrient imbalance in their cultivable soil and decreases
the quality and quantity of crops. In addition, the nutrient imbalance in the arable soil is a serious threat to sustainable
agriculture.

Apart from conventional chemical methods, near-infrared (NIR) and mid-infrared (MIR) spectroscopies coupled with
various machine learning (ML) techniques were used for determining nutrient contents and other soil properties of agricultural
soil (Jia et al., 2023; Metzger et al., 2024; Zhang et al., 2024; Horf et al., 2024; Chaudhry et al., 2024; Mammadov et al., 2024).
Although the spectroscopic methods have high accuracy in the estimation of soil nutrient contents and subsequently soil
fertility status, they suffer from two major drawbacks: (i) sample preparation is a challenging task that requires significant
expertise, and a lack of it may lead to error in 60 to 70% of cases, and (ii) an appropriate determination of a reference model
for calibration of the spectroscope (Nduwamungu et al., 2009). Furthermore, the high cost incurred for high-precision
spectroscopes is unaffordable to the rural farmers, particularly in developing countries.

In the last two decades, the use of some machine learning (ML) techniques have been rapidly increasing to design
various agricultural decision support systems. For estimating the fertility status of various nutrients, several automated
systems were suggested throughout the world using conventional ML techniques, such as artificial neural networks (ANN),
fuzzy inference systems (FIS), adaptive neuro-fuzzy inference systems (ANFIS), k-nearest neighbors (k-NN), support vector
machines (SVM), regression trees, etc., which include (Zolfaghari et al., 2020; Hosseini et al., 2017; Sunori et al., 2022; Xu et
al., 2017; Zhang et al.; 2017, Sunori et al., 2024; Pant et al., 2021; Ganesh et al., 2022; Escorcia-Gutierrez et al., 2022). The
significant limitation of such systems was that for estimating the fertility status, all these systems used soil data of various
nutrients as inputs, obtained through infield measurement using either expensive chemical analysis or complex spectroscopic
methods. To provide a low-cost alternative, a few systems were suggested that used easily accessible soil data from a reliable
soil data repository, rather than those collected through expensive infield methods (Suchithra and Pai, 2020; Reshma and
Aravindhar, 2022). However, such systems ignored the comprehensive impact of the other coexistent nutrients on estimating
the fertility status of a targeted nutrient, and the reported accuracies did not specify the real performance of those systems
(Suchithra and Pai, 2020; Reshma and Aravindhar, 2022).

For several field applications, where the quantity of the soil nutrients is not directly measurable, precise estimation of
the fertility status of a nutrient is the most challenging task. This issue was first addressed by Sirsat et al. (2017), who applied
eight classical ML models to estimate the fertility status of NPK using a standard soil data repository (Sirsat et al., 2017). The

performances of the eight ML models were evaluated in terms of Cohen’s kappa (k) and were reported to be very poor (values

of k ranging from 0.3185 to 0.3508 out of one). Sarkar et al. (2023) suggested another voting classifier-based hybrid system
for estimating the fertility status of NPK using soil health card (SHC) data (Sarkar et al., 2023). Though their proposed system
performed better than that of Sirsat et al. (2017), the performance was not remarkable in terms of Cohen’s kappa (with k =
0.645 for N, k = 0.398 for P, and k = 0.832 for K).

On the other hand, it is evident that the ensemble models are more stable and can overcome the limitations of ordinary
ML models (Zounemat-Kermani et al., 2020). The ensemble models combine multiple models rather than a single ML model
and minimize the errors by reducing model bias, variance, and overfitting and thus increase the predictive accuracy (Dong et
al., 2020). Different categories of ensemble models have been suggested that differ from each other based on both heuristics
and learning principles (Kim et al., 2019). Wolpert (1992) first proposed a new architecture for designing an ensemble model,
named the stacked ensemble machine. It is a collaborative collection of multiple ML models that can produce a robust model
from poorer ones. The basic theoretical foundation and learning techniques of stacked ensemble model are available in
Wolpert (1992). Several successful applications of stacked ensemble models have been reported for various domains, which
include medical diagnosis (Akyol, 2020; Behera et al., 2019), evapotranspiration estimation (Elbeltagi et al., 2022; Wu et al.,
2020; Fan et al., 2018), and credit risk prediction (Pavitha and Sugave, 2023). Particularly, in agriculture, a few stacked ensemble
models were successfully applied for plant disease management (Enkvetchakul and Surinta, 2022), crop yield prediction (Renju
and Brunda, 2024), crop quality assessment (Xu et al., 2017), and crop recommendation (Raju et al., 2024; Nti et al., 2023).

In the current year, several successful applications of stacked ensemble models in agriculture have been reported.
Qaadan et al. (2025), suggested a stacked ensemble model comprising support vector machines, K-nearest neighbors, random
forest, gradient-boosted trees, and artificial neural networks for sugarcane disease detection. The model achieved an accuracy
of up to 98.89% for disease classification. Wang and Gao (2025), proposed such a model consisting of random forests,
categorical boosted trees, light gradient boosted trees, and extremely gradient boosted trees for downscaling soil moisture
data. They proved that their stacked ensemble model outperformed any single constituent model. For predicting soluble solid
content (SSC) in apples using near-infrared spectroscopy, Zhang et al. (2025), designed another model. In their model, partial
least squares regressor (PLS), support vector machines, random forest, and extremely gradient boosted trees were used as
base learners (at level 1), and random forest was used as the meta learner (at level 2). The model outperformed the constituent
models with RMSE = 0.4253, MAE = 0.3245, MAPE = 0.0271, and R? = 0.9520. Ramesh and Kumaresan (2025), developed a
stacked ensemble model for crop yield prediction that used six base learners: linear regression, elastic net, extremely gradient
boosted trees, AdaBoost, random forest, and k-nearest neighbor with a decision tree regressor as the meta-learner. Their
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proposed model outperformed all the traditional models with RMSE = 124.78, MAE = 7.20, and R? = 0.98. However, no one has
suggested a state-of-the-art stacked ensemble model for estimating the fertility status of a soil nutrient using a soil data
repository.

Therefore, the aim of this paper is to propose an improved architecture of a stacked ensemble model for precise
estimation of the fertility status of three macronutrients, NPK. The novelty of this work is that the general architecture of the
existing stacked ensemble models has been restructured by incorporating an additional preprocessing module along with a
data feedback technique to boost up the model performance.

Our proposed model, designed with novel architecture, was empirically validated using authentic field datasets obtained
from the Dept. of Agriculture, Govt. of India (DAFW, 2021) for six districts: South 24 Parganas, West Midnapore, Purulia, Malda,
Bankura, and Jalpaiguri in the state of West Bengal, India. The empirical results revealed that our proposed stacked ensemble
model outperformed the base learners as well as other existing models when compared in terms of both accuracy (ranging
from 0.8096 to 0.9336) and Cohen’s kappa (ranging from 0.5181 to 0.8610).

The datasets used, suggested system architecture, and the metrics for performance analysis are described in Section 2.
The empirical results, discussions, and a comparative study with existing models are presented in Section 3. Section 4 presents
our conclusions in their entirety.

2. Materials and Methods
2.1. Datasets used

As case studies, our proposed stacked ensemble model was applied to estimate the fertility status of three targeted
macronutrients, N, P, and K, for six districts: South 24 Parganas, West Midnapore, Purulia, Malda, Bankura, and Jalpaiguri, in
the state of West Bengal, India. In order to have a proper representation of the soils found in the state of West Bengal, soil
data were collected from six districts dispersed across the state with varied soil properties. The Jalpaiguri district is situated in
the northern Terai regions of the state; Malda lies in the middle of the Gangetic plain, and South 24 Parganas is in the Sundarban
delta area near the Bay of Bengal. The other three districts, West Midnapore, Purulia, and Bankura, lie in one of the
westernmost parts of the state.

The relevant soil data were collected from the soil health card (SHC) repository (DAFW, 2021). The primary dataset
consists of 12 input parameters, such as soil pH (pH), organic carbon content (OC), electrical conductivity (EC), and the nutrient
contents of nitrogen (N), phosphorous (P), potassium (K), sulphur (S), zinc (Zn), iron (Fe), boron (B), manganese (Mn), and
copper (Cu), and the targeted output class (fertility status). The soil pH is measured using the 1:2.5 H20 method, the organic
carbon is measured in percentage by the Walkley-Black method, and the electrical conductivity is measured in decisiemens per
meter (dS/m). The three macronutrients, NPK, are measured in Kg/ha, while the other nutrients are measured in parts per
million (ppm). The targeted output class (fertility status) of each of the macronutrients, NPK, was divided into three categories:
low, medium, and high, following the standard guideline recommended by Patil et al., (2016). For convenience, these three
output classes were numerically coded as 1 for low, 2 for medium, and 3 for high, respectively. A total of 14228 samples were
collected from the soil health card repository (DAFW, 2021) for estimating the fertility status of NPK. Out of these 14228
samples, 60% were used for training and the remaining 40% were used for testing in a random stratified sampling manner
(Liberty et al., 2016). The targeted nutrients (NPK), the input parameters used, and the number of samples that were available
against each output class are summarized in Table 1.

Table 1 The targeted nutrients, the input parameters used, and the number of samples per output class.

Targeted nutrients Input parameters used Number of samples in each output class
Low (1) Medium (2) High (3)
Nitrogen (N) pH, OC, EC, P, K, S, Zn, Fe, Cu, Mn, B 5634 8569 25
Phosphorus (P) pH, OC, EC, N, K, S, Zn, Fe, Cu, Mn, B 2141 10061 2026
Potassium (K) pH, OC, EC, N, P, S, Zn, Fe, Cu, Mn, B 486 3732 10010

2.2. Architecture of proposed stacked ensemble model

The basic theoretical foundation and learning techniques of stacked ensemble model are available in Wolpert, (1992).
Such models use a two-level architecture where the initial inputs are given to the first level (Level-1), which is a stack of multiple
base learners. The predictions (outputs) of Level-1 are then used as input to the second level (Level-2), designed with a single
learner. The Level-2 provides the final output. This technique aids in designing an improved model with better predictions than
the individual models (Rajagopal et al., 2020). In our proposed model, the traditional architecture of stacked ensemble models
has been restructured by incorporating an additional preprocessing level (Level-0) and a data feedback mechanism to boost
the model performance. Thus, the model is a modified stacked ensemble model consisting of three functional levels: Level-0
(preprocessing level), Level-1 (intermediate level), and Level-2 (final level), and a data feedback path at Level-1. Figure 1
presents the proposed novel architecture of our stacked ensemble model.
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Figure 1 Schematic diagram of the proposed architecture.

In the Level-0, instead of a single learner, we considered a stack of eight ensemble decision tree-based ML models:
extreme gradient boosted classifier (XGB), bagging classifier (BT), random forest classifier (RF), gradient boosted classifier (tree-
based) (GBT), adaboost classifier (AD), extremely randomized trees classifier (ERT), light gradient boosted classifier (LGB), and
categorical boosted classifier (CB) as base learners, rather than the ordinary ML models. These ensemble decision tree-based
ML models were selected based on their merits and performance in solving various problems in the agricultural domain. They
have been found to be more efficient in solving both classification and regression problems (Sheth et al., 2023). Furthermore,
the limitations of conventional decision tree algorithms can be easily overcome by its ensemble variants like random forest
(Sheth et al., 2023), gradient boosted trees, categorical boosted trees, etc. (Malek et al., 2022). A similar observation was also
reported by the authors themselves (Sarkar et al., 2022). All these eight base learners were trained with the training dataset
(60% of the primary dataset), and their hyperparameters were tuned using a fivefold grided search strategy (Owen, 2022).
Hyperparameters are the internal variables that are set before the learning starts. In contrast to model parameters, the values
of hyperparameters are obtained through training and must be provided explicitly. Appropriate values of hyperparameters can
greatly improve model performance. They impact the rate at which a model converges to a solution, and the fine-tuning of the
hyperparameters is very significant for designing efficient machine learning models. Five-fold grided search strategy is an
effective method for fine-tuning the values of the hyperparameters (Owen, 2022). It is an iterative approach for adjusting the
hyperparameters by performing an exhaustive search over a given subset of hyperparameter values. Initially, a grid (subset) of
potential values for each hyperparameter is defined, and the algorithm then trains the model several times, taking each value
from the defined subset of values of the hyperparameter, usually using cross-validation to ensure the highest performance.
The best value of the subset is then chosen for the final model design. For all the base learners, the number of estimators was
considered as the hyperparameter, and the set of initial values of each hyperparameter was {10, 50, 100, 150, 200, 250, 300}.
The base learners and the best values of the hyperparameters after tuning for each targeted nutrient are summarized in Table
2.

Table 2 The base learners, and best values of hyperparameters for each targeted nutrient.

Base learners Targeted nutrients  Best values of hyperparameters after tuning
Extreme Gradient Boosted Classifier (XGB) 250
10
150
250
250
250
150
200
300
300
250
300
100
50
100
200
250
300
300
50
200
300
300
300

Bagging Classifier (BT)

Random Forest Classifier (RF)

Gradient Boosted Classifier Tree-Based (GBT)

Adaboost Classifier (AD)

Extremely Randomized Trees Classifier (ERT)

Light Gradient Boosted Classifier (LGB)

Categorical Boosted Classifer (CB)

AUV Z2ZARTUVZARTUVZARUVZ2ARUVZ2ROVZ2AROVZ2RTZ2
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A performance evaluator evaluates the performance of these eight base learners in terms of five well-accepted
statistical metrics: accuracy (Ac), weighted precision (Pr), weighted recall (Rc), weighted F-score (F), and Cohen's kappa (k)
(Sokolova et al., 2006; Chicco et al., 2021; Behera et al., 2019) using the testing datasets, and the best three (B3, B2, and Bs3)
were selected for each targeted nutrient. The second level, Level-1, was designed with a stack of these best three (B3, Bz, and
Bs) base learners.

At the time of training, all these eight base learners generated an output dataset consisting of decision attributes
(fertility status). The outputs generated by these three best base learners (Bs, Bz, and Bz) were segregated from this output
dataset to construct the secondary training dataset. Similarly, the secondary testing dataset was constructed using the same
technique. The three best learners (Bz, Bz, and Bs) in Level-1 were further trained and tested with these secondary training and
testing datasets. The output datasets (training and testing) generated from the primary datasets by the best three base learners
were again used to train and test themselves (data feedback path). The performances of the best three learners were evaluated
again by a performance evaluator in terms of five performance metrics: Ac, Pr, Rc, F, and k (Sokolova et al., 2006; Chicco et al.,
2021; Behera et al., 2019), and the best (Bsest) among the best three (Bi, B2, and Bs) was selected. Finally, the Level-2 was
designed with the best learner (Bgest) to give the best possible output.

2.3. Performance evaluation

Several measures have been proposed to evaluate a classifier's effectiveness (Tallon-Ballesteros et al., 2016). Five well-
accepted metrics, accuracy score (Ac), weighted precision (Pr), weighted recall (Rc), weighted F-scores (F), and Cohen's kappa
(k), were used by the performance evaluator to evaluate the performance of each learner (Sokolova et al., 2006; Chicco et al.,
2021; Behera et al., 2019). The higher values of Ac, Pr, Rc, F, and k indicate better model performance. All these metrics are
mathematically defined as (Chicco et al., 2021; Behera et al., 2019):

Tp+Tn
Tp+Tn+Fp+Fn

m

il _Tpi
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m
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Where the total number of classes is m, and the number of instances that belong to class i is represented by |yi|. The
Tp, Tn, Fp, and Fn are the true positive, true negative, false positive, and false negative counts obtained at testing.
Cohen's kappa (k) is a well-recognized and commonly used metric for evaluating the performance of a classifier. It

expresses the degree of agreement or disagreement between two instances. The generalized expression to calculate the value
of Cohen's kappa (k) for the m classes is given by (Chicco et al., 2021):

Accuracy (Ac) = (1)

Weighted Precision (Pr) = (2)
Weighted Recall (Rc) = (3)

Weighted F-Score (F) =

(4)

m m
N.Zi=; Cii= Zi=1 Cigr-Cipy
2_ym . .

N z:i=1 Clcr'clpr

Cohen's kappa (k) = (5)

Where Y%, C;; and N is the total number of successfully predicted instances, and the total number of instances,
respectively. C; . is the total number of correctly categorized instances for class i, and Cipr is the total number of instances

correctly predicted as belonging to class i.
3. Results and Discussion
3.1. Performance analysis

The empirical values of the performance metrics accuracy score (Ac), weighted precision (Pr), weighted recall (Rc),
weighted F-scores (F), Cohen's kappa (k), and the average values (Avg) obtained at Level-1 for three macronutrients: N, P, and
K are summarized in Table 3. The values of these five metrics and their average values at Level-2 are presented in Table 4.

In the case of N, it is observed that at Level-1, the LGB model achieved the best performance (with an average accuracy
Avg = 0.9172), followed by the RF and XGB models (with Avg = 0.9126 and 0.9121, respectively). However, in the case of P,
comparatively lower performances were observed for all these eight models. In terms of average accuracy, the best three
models were RF, ERT, and BT (with Avg = 0.7157, 0.7139, and 0.7154, respectively). Similarly, for K, the RF, LGB, and ERT models
were the best three models with Avg = 0.7410, 0.7373, and 0.7311, respectively. It is observed from Table 4 that for level-2,
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the RF model was the outperformer in terms of average accuracy (with Avg = 0.9185 and 0.7433, respectively) for N and K,
while in the case of P, the BT model was the best (with Avg = 0.7182).

Table 3 Summary of results of Level-1 models.
Classifier Ac Pr Rc F K Avg.

XGB: 0.9283 0.9266 0.9283 0.9273 0.8499 0.9121
BT: 0.9276 0.9261 0.9276 0.9265 0.8478 0.9111

= RF: 0.9288 0.9274 0.9288 0.9277 0.8503 0.9126
s GBT:  0.9209 0.9214 0.9209 0.9208 0.8343 0.9037
g AD: 0.8593 0.8625 0.8593 0.8559 0.6975 0.8269
= ERT:  0.9178 0.9168 0.9178 0.9164 0.8263 0.8990

LGB:  0.9325 009308 0.9325 0.9315 0.8586 0.9172

CB: 0.9245 0.9228 0.9245 0.9234 0.8415 0.9073

XGB:  0.7809 0.7809 0.7809 0.7496 0.3956 0.6976
= BT: 0.7920 0.7882 0.7920 0.7670 0.4377 0.7154
- RF: 0.7929 0.7907 0.7929 0.7665 0.4355 0.7157
s GBT:  0.7767 0.7659 0.7767 0.7499 0.3968 0.6932
5 AD: 0.7461 0.7405 0.7461 0.7054 0.2972 0.6471
8 ERT: 07925 0.7902 0.7925 0.7645 0.4296 0.7139
o LGB:  0.7836 0.7770 0.7836 0.7562 0.4116 0.7024

CB: 0.7807 0.7673 0.7807 0.7599 0.4231 0.7024

XGB:  0.7995 0.7820 0.7995 0.7818 0.5089 0.7344
_ BT: 0.8029 0.7844 0.8029 0.7822 0.5098 0.7365
=3 RF: 0.8082 0.7926 0.8082 0.7835 0.5124 0.7410
E GBT:  0.7901 0.7688 0.7901 0.7625 0.4609 0.7145
: AD: 0.7200 0.6886 0.7200 0.6917 0.3044 0.6249
5 ERT:  0.8031 0.7876 0.8031 0.7725 0.4894 0.7311

LGB: 0.8029 0.7868 0.8029 0.7833 0.5104 0.7373
CB: 0.8018 0.7860 0.8018 0.7831 0.5099 0.7365

Table 4 The values of performance metrics for the best three models at Level-2 for NPK.

Nutrient  Classifier Ac Pr Rc F K Avg.

N RF: 0.9336 0.9319 0.9336 0.9326 0.8610 0.9185
P BT: 0.7939 0.7876 0.7939 0.7705 0.4451 0.7182
K RF: 0.8096 0.7947 0.8096 0.7848 0.5181 0.7433

Comparing the values of performance metrics summarized in Tables 3 and 4, an improvement in the model performance
is observed in Level-2 as compared to Level-1 for all three nutrients. As the best model, the value of Avg of the RF model was
improved by 0.64% from 0.9126 to 0.9185 for N. Similarly, for P, the performance of the best model BT improved by 0.39% in
terms of Avg from 0.7154 to 0.7182. For K, the RF model exhibited an improvement of 0.31% from 0.7410 to 0.7433, in terms
of Avg. Therefore, it was observed that the performance of all the models at Level-2 improved when compared with their
performances at Level-1. Thus, it is revealed that our proposed stacked ensemble model, consisting of a three-layer
architecture and a data feedback mechanism, achieved higher accuracy as compared to a single-level machine learning model
for the estimation of NPK using available soil datasets.

3.2. Comparative study with other models

We further compared our proposed stacked ensembled model with other prevailing models suggested for soil NPK
estimation. These models were suggested by Sirsat et al. (2017) (Sirsat et al., 2017), Suchitra and Pai (2020) (Suchitra and Pai,
2020), Reshma and Aravindhar (2022) (Reshma and Aravindhar, 2022), and Sarkar et al. (2025) (Sarkar et al., 2023). Each of
these models has been assigned a unique model number (Model-1 to Model-4) for better understanding. In order to compare
these models, two performance metrics, average accuracy (Avg-Acc) and average Cohen’s kappa (Avg-k), were considered
because either of them or both of them were reported in their respective papers. It is observed that for Model-1, the average
accuracy was not reported, and for Model-3, the average value of Cohen’s kappa was not derived. Table 5 presents the values
of these metrics.

From the two comparative graphs, presented in figures 2 and 3, it is observed that in terms of average accuracy, Model
3 was the worst (Avg-Acc = 0.3900), and in terms of average Cohen’s kappa, Model-1 showed the lowest performance (Avg-k
=0.3739). The second-best position was secured by Model-2 and Model-4, respectively, when compared in terms of average
values of accuracy and Cohen’s kappa. Empirical results revealed that our proposed model outperformed all other models both
in terms of average accuracy (Avg-Acc = 0.8457) and average Cohen’s kappa (Avg-k = 0.6114).
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Table 5 The average values of accuracy and Cohen’s kappa for different models.

SI. No. Suggested by Models Nutrient Avg-Acc  Avg-k
1. Sirsat et al., 2017 Model-1 Nitrogen (N) NR 0.3739
Phosphorous (P)
Potassium (K)

2. Suchitra and Pai, 2019 Model-2 Nitrogen 0.8422 0.5084
Phosphorous (P)
Potassium (K)
3. Reshma and Aravindhar, 2022 Model-3 Nitrogen (N) 0.3900 NR

Phosphorous (P)
Potassium (K)
4, Sarkar et al., 2023 Model-4 Nitrogen (N) 0.6234 0.5619
Phosphorous (P)
Potassium (K)
5. Proposed model (Sarkar et al., 2025) Proposed model Nitrogen (N) 0.8457 0.6114
Phosphorous (P)
Potassium (K)

*NR: Not reported.
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Figure 2 Comparative graph in terms of average accuracy (Avg-Acc).
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Figure 3 Comparative graph in terms of average Cohen’s kappa (Avg-k).

4. Conclusions

Soil fertility has a great impact on crop production. Precise estimation of macronutrient level prior to planting any crop
is one of the major challenges for better production of crops, both in terms of quality and yield. Our proposed stacked ensemble
model with novel architecture addressed this issue with the highest performance reported to date.

The main focus of our present study is to suggest an improved architecture of a stacked ensemble model for precise
estimation of the fertility status of soil nutrients. As a case study, the performance of our proposed model was empirically
validated with three macronutrients, NPK. The novelty of this work is that the general architecture of the existing stacked
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ensemble models has been restructured by incorporating an additional preprocessing module along with a data feedback
technique to boost the model performance.

Rather than a random selection of machine learning models in each level, a more scientific performance-based selection
was adopted to select the best classifier(s) in each level using the Soil Health Card data collected from the Indian Council of
Agricultural Research. This approach helped to explore and utilize the context-dependent performance of the best classifier
from eight popular classifiers arranged in a three-level stack and a secondary data feedback technique to estimate the NPK
content in agricultural soil.

The experimental results revealed that the stacked ensemble model achieved better accuracy than the common
ensemble models, particularly in this agricultural domain. Furthermore, the comparative study with other existing models
exposed that the proposed model attained a 15% improvement over the existing models.

Though our proposed model outperformed other existing models, there is still a lot of scope for future improvement by
applying other hyperparameter optimization techniques. Moreover, it is to be noted that since the soil samples are collected
from West Bengal, the model trained and tested with this dataset will be applicable only in West Bengal. Therefore, it is
acknowledged that the model is not a generalized one; however, like all other machine learning models, it can be trained and
tested with data available for other states for more generalization. This will be the focus of our future attempts.
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