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Article Info ABSTRACT:
Over time, the soil's nutrient level gradually declines. Soil scientists
recommend precise doses of fertilizers to compensate for soil nutrient
loss. However, soil scientists are scarce, expensive, and inaccessible
to marginal farmers in most countries. As a common practice, rural
farmers use chemical fertilizers in blind doses without proper
scientific knowledge. Such indiscriminate use of chemicals creates a
. nutrient imbalance and leads to huge crop losses. This work aims to
Accepted: 05 July 2024 provide a low-cost and near-expert-level recommendation system for
. . three fertilizers, nitrogen (N), phosphorous (P), and potassium (K),
Published: 31 July 2024 for two major crops, paddy and potato, cultivated in the Gangetic
doi- 10.33472/AFTBS.6.13.2024.4424-4436 alluvial plain of West Bengal, India. We designed the system using a
light gradient boost regressor, one of the most preferred machine
learning methods for solving various soil-related issues, to suggest
the precise doses of N, P, and K. Our designed system recommends
fertilizers based on the nutrient contents and other relevant
parameters in the arable soil. Experimental results revealed that the
system achieved the highest performance (with R? = 0.9997 and
RMSE = 0.9381). The proposed system provides an elegant
alternative to the scarce and expensive soil scientists who recommend
the precise dose of the appropriate fertilizer.
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1. INTRODUCTION

Over the years, agricultural soil has been pivotal in crop productivity, profitability, and
environmental sustainability. The nutrients present in the farm soil directly impact the quantity
and quality of crops growing on it (Sindelar, 2015). The lack of nutrients leads to a decrease in
crop yield and quality, increasing the production cost. On the other hand, excessive nutrients
in the soil have an adverse effect on plant growth. Therefore, the correct proportion of various
nutrients in agricultural soil has a critical role in increasing farming yield (Ahmed et al., 2021).
In India, most farmers cultivate two crops a year without adopting any fertilizer management
strategy with adequate scientific knowledge (Priya and Ramesh, 2018). This traditional practice
results in nutrient depletion over time and changes the chemical properties of the soil. Farmers
apply chemical fertilizers to compensate for the ongoing nutrient deficiency. Rural farmers,
however, due to a lack of scientific knowledge, tend to use these chemical fertilizers
indiscriminately as a blanket dose (Sun et al., 2019), without a precise estimation of the
quantity of nutrients present in the soil and the nutrients required for the targeted crop that they
have to cultivate (Dhaygude and Chakraborty, 2020).

West Bengal is one of the most productive agrarian states in India, and nearly 8% of the
population of the country resides in this state. This state covers about 4.67% of the agricultural
land in the country. Approximately 7.13 million families in West Bengal are associated with
agriculture, of which 96% are marginal farmers (Department of Agriculture, Govt. of West
Bengal). Agriculture contributes about 22% of the state's GSVA (Gross state value added)
(Economics and Statistics Division, Ministry of Agriculture & Farmers Welfare, Department
of Agriculture and Farmers Welfare, Govt. of India). The Gangetic alluvial plain is the most
fertile region of the state to produce two major crops, paddy and potato. The major cultivators
of this region are the marginal farmers with less than one-hectare land holdings. These layman
farmers suffer from inadequate knowledge about the nutrients present in their soil and the
precise application of the required fertilizers accordingly. The central government, on the other
hand, subsidizes fertilizers for the welfare of marginal farmers throughout the country, and the
farmers in West Bengal are one of the largest beneficiaries of the fertilizer subsidy (Sharma
and Thaker, 2010). The indiscriminate use of fertilizers also wastes money and burdens the
government exchequer unnecessarily.

Fertilizers provide nutrients to the agricultural soil. Nitrogen (N), phosphorous (P), and
potassium (K), together as NPK, are macronutrients that are required in large quantities and
have a direct impact on plant growth (Hossain et al., 2017). The micronutrients, such as sulphur
(S), copper (Cu), zinc (Zn), manganese (Mn), boron (B), and iron (Fe), are required in very
small quantities, and the farmers are less concerned about the well-being of a crop (Sillanpaa,
1982). The depletion of macronutrients in soil is compensated by applying chemical fertilizers,
and a precise application of fertilizers plays a significant role in the better production of crops
(Ju et al, 2007). However, layman farmers in West Bengal are applying chemical fertilizers of
their own choice and local availability without analyzing the existing nutrient level of their
soil. In contrast, soil testing laboratories and soil scientists are very scarce, expensive, and
inaccessible to marginal farmers for appropriate fertilizer recommendations. Since 2015, the
Ministry of Statistics and Programme Implementation, Government of India, has observed a
gradual decrease in soil fertility and nutrient level imbalance due to this exasperating scenario
(Ministry of Statistics and Programme Implementation, Government of India).

Several scientific approaches have been suggested in the literature for precise estimation of
fertilizer requirements for a crop (Samal et al., 2020). Still, each proposed method requires
complex mathematical calculations and a comprehensive knowledge of soil science. These
prerequisites can be quite challenging for a rural farmer to meet. Therefore, an alternative
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solution is to be provided to rural farmers to recommend precise doses of fertilizers that are
easier to use without expert knowledge.

To mitigate these problems and to increase crop productivity, profitability, and environmental
sustainability, site-specific decision support systems using state-of-the-art machine learning
techniques provide trustworthy solutions for various management issues in agriculture, such as
fertilizer recommendation, irrigation scheduling, pest and disease control, crop yield
prediction, etc. (Ahmed et al., 2021; De-Oliveira and De-Silva, 2023). Several machine
learning techniques were suggested to design soil analysis and fertilizer recommendation
systems. Such methods include fuzzy logic (Indahingwati et al., 2018), artificial neural
networks (Moreno et al., 2018), decision trees (Jahan and Shahariar, 2020; Singh et al., 2020),
support vector machines (Suchithra and Pai, 2018a), linear regression models (Saidou et al.,
2018), gradient-boosted trees (Qin et al., 2018), random forests (Ransom et al., 2019;
Suleymanov et al., 2023), deep learning models (Suchithra and Pai, 2018b), and many more to
mention. As a tree-based regression model, the light gradient boost (LGB) regressor is very
efficient in designing systems that require less space and time to be trained and can handle
large volumes of data with greater accuracy. LGB is one of the most preferred machine learning
methods for designing various systems for soil-related issues (Motia and Reddy, 2021).
However, no such fertilizer recommendation system has been suggested for precise estimation
of N, P, and K fertilizers using the LGB regressor as one of the most preferred machine learning
methods. Furthermore, there has been no other reported fertilizer recommendation system for
the Gangetic alluvial plain in West Bengal to date. The aim of this work is to provide a low-
cost and near-expert-level fertilizer recommendation system using an LGB regressor for three
varieties of paddy (IET4094, IET4097, and BORO-4789) and two varieties of potato, Kufri
jyoti (high) and Kufri jyoti (low), grown in the Gangetic alluvial plain in West Bengal.

Our proposed system was designed to suggest location-specific fertilizer doses for N, P, and K
based on the different nutrient contents and other relevant soil parameters. The relevant dataset
of nutrient content and other parameters was collected from the freely available Soil Health
Card (SHC) datasets provided by the Indian Council of Agricultural Research, Govt. of India.
The system's performance was evaluated in terms of two statistical metrics: the coefficient of
determination (R?) and the root mean square error (RMSE). Empirical studies revealed that the
system achieved the highest performance (in terms of the highest value of R = 0.9997 and the
lowest value of RMSE = 0.9381).

2. MATERIALS AND METHODS

2.1 Study Location

The Gangetic alluvial plain is one of the most fertile regions situated in the central part of the
state of West Bengal in India. The study area comprises three districts, Burdwan, Hooghly, and
Nadia, within this region from 22.47°N to 23.82°N and 86.80°E to 88.69°E. The livelihood of
the major population is primarily based on agriculture, resulting in intensive agricultural
activities. Three varieties of paddy and two varieties of potato are the major cash crops
produced in this area. The gross cultivation land for paddy and potato is 11,78,300 and 2,23,900
hectares, respectively.

The study area was selected for four main reasons: (i) most rural farmers apply fertilizers with
a blanket dose as traditional practices without precise estimation of crop nutrient requirement,
leading to a nutrient level imbalance (Ministry of Statistics and Programme Implementation,
Government of India); (ii) the cropping intensity of this area is very high (Economics and
Statistics Division, Ministry of Agriculture & Farmers Welfare, Department of Agriculture and
Farmers Welfare, Govt. of India); (iii) authenticated soil datasets are available for training and
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testing (Soil Health Card); and finally, (iv) no such system has been proposed for fertilizer
recommendation for this study area. Figure 1 presents the geographic map of the study area.
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Figure 1. The area selected for the study

2.2 Dataset Used

The datasets used to design the system were obtained from the Soil Health Card (SHC)
repository provided by the Department of Agriculture and Farmers Welfare, Govt. of India (Soil
Health Card). The Soil Health Card scheme is a flagship program launched in February 2015
and is run by the Government of India for monitoring soil health. In the SHC scheme, uniform
norms are followed across different states in India to assist site-specific fertilizer management.
The Integrated Nutrient Management Division manages the scheme in the Ministry of
Agriculture and Farmers Welfare, Government of India. Several soil testing laboratories across
India analyze soil samples collected from various locations according to the norms provided
by the authority. The datasets include various soil nutrients and other physical parameters of
soil such as pH, soil organic carbon content (OC), electrical conductivity (EC), etc.

For the current study, we have considered six soil and crop-related parameters as inputs to the
system, along with the targeted crop yield. These are available nitrogen (N in Kg/ha),
phosphorous (P in Kg/ha), and potassium (K in Kg/ha), soil pH (measured on a 14-point scale),
electrical conductivity (in dS/m), and soil organic carbon (in %). The dataset was collected
from the SHC data repository. A total of 9042 samples were taken from Hooghly, 922 from
Burdwan, and 1599 from the Nadia districts, respectively. The dataset was carefully examined
to eliminate missing data and was arbitrarily divided into two parts: 70% for training and the
rest (30%) for testing the system.

2.3 Reference Values of Fertilizers

The reference values for the exact quantity of fertilizers were calculated using the soil test crop
response (STCR) model provided by ICAR (Indian Council for Agricultural Research).
Ramamoorthy and others suggested the STCR model, which is based on Liebig's rule of the
minimum to estimate the precise quantity of fertilizers needed for a particular variety of crops
(Ramamoorthy and Velayutham, 1971). The STCR model was developed through experiments
conducted at various places using different fertilizers for a targeted crop to establish the ideal
amount of nutrients needed. For the best possible output, the STCR suggests the precise dose
of N, P, and K fertilizers for a particular crop. The estimation of the quantity of soil nutrients
present in the soil is an important issue because the STCR model suggests the appropriate dose
of fertilizer based on the nutrients present in the soil.
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The STCR suggests several equations to estimate the amount of various nutrients required for
a particular crop. These equations are the outcome of numerous studies carried out at various
degrees of soil fertility with respect to various nutrients. The equations were then formulated
after evaluating the nutrient uptake of the crops. The primary goal of the STCR model is to
assist farmers in applying the best fertilizer dose to achieve the desired crop yield to the
maximum possible extent.

In our present study, we have considered two major crops, paddy, and potato, cultivated in
Gangetic alluvial plains in West Bengal. We selected three varieties of paddy, namely IET4094,
IET4097, and BORO4789, and two varieties of potato, Kufti jyoti (high) and Kufri jyoti (low),
as the targeted crops. Table 1 provides the STCR-recommended equations for N, P, and K
against these crops.

Table 1. STCR equations for N, P, K against five varieties of paddy and potato

Taraeted crops Nitrogen required Phosphorous Potassium required
g b (Kg/Ha) required (Kg/Ha) (Kg/Ha)
N = 3.60xT- _ K =2.61xT-
Paddy (IET4094) 0.25xSN P =2.29xT- 0.18xSN 0.19xSK
N = 15.34xT- _ K = 2.52xT-
Paddy (IET4097) 1 62xSN P =15.34xT-1.62xSN 0.28xSK
N = 3.28xT- _ K =2.83xT-
Paddy (BORO4789) 0.18xSN P =4.80xT- 5.02xSN 0.54xSK
S N =1.61xT- _ K =0.89%T-
Potato Kufri jyoti (high) 0.43xSN P =0.95xT- 1.0xSP 0.34xSK
Potato Kufri jyoti (low) |N = 1.80xT- 033xSN| P = 1.12xT- 1.39xsp | K= L:o1xT-
' ' ' 0.29xSK

SN: Nitrogen present in the soil, SP: Phosphorous present in the soil, SK: Potassium present in
the soil, T: Target yield.

2.4 Light Gradient Boost Regressor

The light gradient boost (LGB) regressor was proposed by Ke et al., (2017). This model uses
a gradient learning framework based on a decision tree and the concept of boosting. The LGB
model follows the leaf-wise (depth) growth of the consecutive learner trees rather than the
level-wise (breadth) expansion of the learner trees. It finds the leaves with the highest
branching gain from all the leaves and then goes through the branching cycle. Two techniques
are employed to boost the model's scalability: gradient-based one-side sampling (GOSS) and
exclusive feature bundling (EF-B). The GOSS algorithm only considers samples with more
information gain than a predefined threshold, improving the accuracy. The EF-B algorithm is
a dimensionality reduction tool for merging or projecting several feature sets. This model has
the advantages of taking up less space, taking less time to train, handling large volumes of data,
and having incredible accuracy. Ke et al. (2017) describe the mathematical foundation of LGB
as follows: For the given training dataset X = {(x;, v;)}i%4,

LGB searches for an approximation f(x) to the function f*(x) for minimizing expected values
of specific loss functions L(y, f(x)),

L(y, f(x): f(x) argmin; E, xL(y, f(x))

It integrates many T regression trees Y'1_, f.(X) for approximating the eventual model, defined
as:
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The regression trees are defined as q € {1, 2, ..., N}, where N represents the number of tree
leaves, q is the decision rule of trees, and w is a vector denoting the sample weights of leaf
nodes. The model is then trained in the additive form at step t as follows:

N
r,= ijll'(}’i' Fi1(x)f(x1)) 3)

The objective function is fast approximated by using Newton's approach. By removing the
constant term, Eq. (3) is simplified as:

N
I‘tsz
j=1

1. 5
. (gift(xi) t3 hift (xi)> 4)

where g; and h; are 1%t and 2" order gradient statistical results of loss functions.

Now, if the sample set of leaf j is represented by I;, then Eq. (4) can be rewritten as:

J
rt:Z
j=1

j=

((Ziel,-gi) wj + %(Zieli h; + l) w]2> (5)

In terms of the tree structure q(x), the optimum leaf weights of the leaf nodes w; and extreme
values of I', are obtained by using Egs. (6) and (7):

Yier; 9i
A (6)
2
z ZlEI] gl (7)
B j= IZlEI h + 4

where I'; is the weight function measuring the quality of tree structure q(x).

The objective function is eventually obtained by integrating the split:

_a.)’ o a)? a2
G = 1((2“5119!) + (ZlEIrgl) + (ZlEIgl) > (8)

2 Yienhi+ 4 Y hi + 4 Yiethi+ 4
where I; and I,. are samples of the left and right branches, respectively.

2.6 Performance Evaluation

Evaluation of the system’s performance plays a significant role in any model-building process.
To evaluate the prediction performance of our proposed model, we applied the four-fold cross-
validation approach. Two widely used statistical metrics, the coefficient of determination (R?)
and the root mean square error (RMSE), were used to validate the prediction accuracy. R? is a
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goodness metric that projects the relationship between the actual and predicted values, while
RMSE is an error metric that projects the errors in the predicted values. The mathematical
equations of these two metrics are defined as (Sun et al., 2020; Tao et al., 2018):

Y 1(Rgi — Rpy)?

R? = 9)
2
Y (Rgri — Rpi)
1 n
RMSE = | (Rp; — Rpp)? (10)
i=1

Where Rg; is the reference value of the macronutrient obtained using the STCR equations, Rpi
is the model recommended value, Rp; is the mean recommended value, and n is the total
number of samples. In general, higher values of R? and lower values of RMSE indicate better
model performance.

3. RESULTS AND DISCUSSIONS

The deployable version of the LGB regressor system was coded using the LGBM library
package, and the results were generated using Python's Scikit-learn library package (Ver. 1.3).
As a case study, the system was implemented for the recommendation of three major fertilizers,
N, P, and K, in three districts, Hooghly, Burdwan, and Nadia, in the Gangetic alluvial plain of
West Bengal, India. Three varieties of paddy (IET4094, IET4097, and BORO4789) and two
varieties of potato (Kufri jyoti (high) and Kufti jyoti (low)) were selected as the targeted crops.
For each of the crops, the quantity (dose) of NPK to be applied was recommended by the
system. The system-recommended doses of NPK were compared with the reference doses
suggested by STCR (Ramamoorthy and Velayutham, 1971). To validate the accuracy of the
prediction, two performance metrics, the coefficient of determination (R?) and the root mean
square error (RMSE), were used as defined in equations 9 and 10. The empirical values of R?,
and RMSE obtained for three fertilizers, N, P, and K, against five crop varieties are presented
in Table 2.

Table 2. Empirical values of the performance metrics for NPK against five crop varieties
Targeted crops Nitrogen (N) Phosphorus (P) Potassium (K)
R’ RMSE R’ RMSE R’ RMSE

Paddy (IET4094) 0.9837 | 8.0608 | 0.9940 | 13.4147 | 0.9997 0.9381
Paddy (IET4097) 0.9788 | 40.7222 | 0.7262 | 58.2868 | 0.9996 1.1273
Paddy (BORO4789) 0.9573 | 9.4341 | 0.9609 | 80.3638 | 0.9995 2.1135
Potato-Kufti jyoti (high)| 0.9750 | 17.4285 | 0.9978 | 18.7500 | 0.9997 1.6212
Potato-Kufti jyoti (low) | 0.9653 | 15.6291 | 0.9962 | 24.6089 | 0.9972 5.5208

For better representation, the scatter plots of the recommended doses against the reference
doses for each of the three fertilizers, N, P, and K, are presented in Figures 2, 3, and 4,
respectively. It is to be noted that the ranges of coordinate values of the scatter plots are
dissimilar because the range of doses of different fertilizers varies with the targeted crops.
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Rpr; for K against five crops

The experimental results reveal that the system's performance in recommending a precise dose
of fertilizers (NPK) varies with the targeted crops (paddy, potato). In addition, the performance
also varies for the different varieties of the same crop.

Figures 2(a-e) depict that, for N, all five scatter plots for paddy and potato are very identical.
The distribution is more scattered at the lower and higher ends of the plots. It signifies that the
system's performance degrades when the recommended dose range is very low or high. The
overall performance for N is appreciable (with R? ranging from 0.9573 to 0.9837 and RMSE
ranging from 8.0608 to 40.7222).

Table 2 and Figure 3 show that the system showed the highest performance for recommending
the dose of P against Potato-Kufti jyoti (high) (with R? = 0.9978 and RMSE = 18.7500). A
nearly equitable performance was obtained for Potato-Kufti jyoti (low) (with R? = 0.9962 and
RMSE = 24.6089). An acceptable performance was observed for the other two varieties of
paddy (IET4094 and BORO4789) (with R? ranging from 0.9609 to 0.9940 and RMSE ranging
from 13.4147 to 80.3638). For paddy (IET4097), the system is the worst performer (with R? =
0.7262 and RMSE = 58.2868).

For the recommendation of K, excellent performance was achieved for three varieties of paddy
(IET4094, IET4097, and BORO4789) and a variety of potato (Kuftri jyoti (high)) (with R?
ranging from 0.9995 to 0.9997 and RMSE ranging from 0.9381 to 2.1135). However, the
distribution is slightly scattered at the higher end of the plot. It signifies that performance
degrades when the recommended dose is very high. For potato Kufri jyoti (low), the
distribution is slightly uneven at the lower part of the plot (Figure 4(e)). This observation
depicts that performance degrades when the recommended dose is very low. Figures 2-4
represent that the recommended doses of three fertilizers, N, P, and K, are consistent with those
suggested by STCR (Motia and Reddy, 2021).

4. CONCLUSION

Recommendation of a precise dose of fertilizer is a prime issue worldwide for preventing the
decline of soil fertility, better production of crops, and conservation of soil resources. This
research aimed to develop a low-cost pioneering fertilizer recommendation system that might
assist rural farmers who apply fertilizer indiscriminately owing to a lack of scientific expertise.
It is evident from the experimental results that our target of designing an efficient system to
recommend the precise doses of major fertilizers (NPK) for paddy and potato cultivation in the
Gangetic alluvial plain of West Bengal in India has been achieved. It is a user-friendly system
and can easily be deployed in any rural area using a laptop or desktop.

The system has been designed based on the freely available region-specific SHC datasets and
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incurs zero cost compared to expensive chemical testing of soil nutrients and expert advice. It
can be employed to improve the fertilizer management strategy for sustainable crop production
in other regions of the country where SHC data is available.

However, our proposed system provides a reliable solution for fertilizer management in the
Gangetic alluvial soil. Still, its efficiency in different agroclimatic soils remains to be explored,
which is our future target.
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