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Abstract

Castor (Ricinus communis L.) is an important oilseed crop in Andhra Pradesh, contributing significantly
to India's economy through oil exports. Although it has been cultivated for a long time, castor accounts
for only a small portion of global vegetable oil production. Its oil is crucial in the chemical industry as
the sole commercial source of hydroxylated fatty acids. Accurate forecasting of wholesale castor prices is
vital for stakeholders to manage risks effectively. For this purpose, secondary data on castor prices in
Andhra Pradesh from 2008-2024 was analyzed using autocorrelation with the Box-Pierce test. Various
machine learning models were developed, including ARIMA, ANN, SVR, ELM, hybrids combining
these methods and wavelet decomposition models. The ARIMA+ELM model demonstrated the best
predictive accuracy, aiding in better price forecasting and contributing to market stability and economic
efficiency in agriculture.

Keywords: Castor prices, two-stage hybrid models, Wavelet decomposition models and machine
learning models

Introduction

Castor (Ricinus communis L.) is a significant industrial oilseed crop cultivated primarily for its
high-value castor oil, which finds extensive applications in the pharmaceutical, cosmetic,
lubricant, and biofuel industries. India is the leading producer and exporter of castor seeds
globally, with Andhra Pradesh emerging as one of the major contributing states, particularly in
districts like Kurnool, Anantapur, and Prakasam. The crop plays a vital role in the agrarian
economy, especially in dryland farming systems, due to its resilience under arid and semi-arid
conditions.

In recent years, castor prices have exhibited substantial volatility, influenced by factors such as
fluctuations in global demand, speculative trading, climate variability, and policy
interventions. Such price instability poses a serious challenge to both farm-level decision-
making and market planning, impacting the livelihoods of thousands of smallholder farmers in
Andhra Pradesh who rely on castor cultivation for income.

Given this context, accurate and timely forecasting of castor prices is crucial for enabling
farmers, traders, and policymakers to make informed decisions. Traditional linear forecasting
models often fall short in capturing the complex, nonlinear, and non-stationary patterns
inherent in agricultural price time series. This necessitates the adoption of advanced
forecasting techniques that can model both short-term fluctuations and long-term trends
effectively.

To address this need, the present study explores a hybrid forecasting approach, Wavelet
Decomposition and Machine Learning models, aiming to enhance the accuracy of price
predictions by decomposing complex signals and leveraging data-driven learning capabilities.
The study specifically focuses on forecasting monthly castor prices in Andhra Pradesh,
providing insights into market behaviour and aiding in the development of early warning
systems for agricultural stakeholders.
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Materials and Methods

The data for this study were sourced from India stat and
AGMARKNET, covering the period from January 2008 to
December 2024 i.e. 17 years data (monthly data) and this
study was carried out in 2025 in S. V. Agricultural College,
Tirupati. The dataset consists of monthly average prices (in
INR per quintal) in Andhra Pradesh. The dataset contains 204
observations. Out of the 204 data points 192 data points were
taken as train and the rest 12 i.e. from 193-204 data points
were taken as test. The Following methodology was carried
out in R Studio.

Methodology

In this study, we employed wavelet analysis to investigate the
underlying patterns and structures in the time series data of
castor prices, enabling us to decompose the price fluctuations
into different frequency components. This approach allowed
us to effectively capture both short-term volatility and long-
term trends, enhancing the accuracy of our forecasting models
and providing valuable insights into price dynamics in the
agricultural market. The wavelet transform offers a flexible
framework for decomposing non-stationary time series data
into localized frequency components, allowing for a detailed
analysis of both low-frequency trends and high-frequency
fluctuations. This approach use can be found in Paul et al.
(2021) (471,

Wavelet Filter Selection

We utilized the Daubechies wavelet filter, specifically the a8
filter, characterized by eight vanishing moments. The choice
of the la8 wavelet is informed by its ability to effectively
capture essential features of the signal while maintaining a
balance between temporal and frequency localization. This
filter is particularly suitable for our analysis as it provides
significant smoothing properties and is computationally
efficient for time series data.

Wavelet Transform Approach

To perform the wavelet, transform, we applied the Discrete
Wavelet Transform (DWT) rather than the Maximal Overlap
Discrete Wavelet Transform (MODWT). The DWT was
selected to ensure a straightforward implementation and to
facilitate the analysis of the signal at discrete scales.
Implementation: The wavelet transform was executed using
the wt. Filter function in R, with parameters set as follows:
Filter: Filter = "1a8"

MODWT: modwt = FALSE

Level of Decomposition: Level = 1

This configuration allowed for the initial decomposition of the
time series data into two primary components: the
approximation coefficients, which capture the low-frequency
trends, and the detail coefficients, which represent the high-
frequency variations.

ARIMA (Autoregressive Integrated Moving Average)

The application of this procedure can be seen in Jadhav et al.
(2017) M. ARIMA is a popular statistical model used for
forecasting time series data. It combines three components:
AR (Autoregressive): Uses the relationship between an
observation and a number of lagged observations (previous
time steps).

I (Integrated): Differencing the raw observations to
allow for the time series to become stationary.
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e MA (Moving Average): Uses the relationship between
an observation and a residual error from a moving

average model applied to lagged observations.

ARIMA Model Specification
The ARIMA model is denoted as ARIMA (p, d, q)

Where,

P: Number of lag observations (AR term)

D: Number of times that the raw observations are differenced
(I term)

g: Size of the moving average window (MA term)

Formula
The ARIMA model can be expressed as

Yo = 1Y+ Yo+ + ppYipy + 01604 + 026,
+o+ O0p8 g + &

Where,

Y; is the value of the time series at time t.

¢ terms are the coefficients of the AR part.
¢ terms are the coefficients of the MA part.
&, is the white noise error term.

ANN (Artificial Neural Networks)

Artificial Neural Networks (ANNs) are sophisticated
computational models that draw inspiration from the neural
networks of the human brain. These networks are made up of
interconnected nodes, commonly referred to as neurons,
which are arranged in layers: an input layer, one or more
hidden layers, and an output layer. ANNs excel at identifying
and modeling complex nonlinear relationships within data,
making them valuable tools in various fields such as machine
learning, data analysis, and artificial intelligence. The
application of ANN can be found in Paul et al. (2020) 24,

Architecture

Input Layer: Receives input features.

Hidden Layer(s): Processes inputs with activation
functions to learn patterns.

Output Layer: Produces the forecasted output.

Training

ANNSs are trained using a dataset by adjusting the weights and
biases through a process called back propagation, minimizing
the difference between predicted and actual outputs.

Formula
For a single-layer feed forward ANN, the output Y can be
computed as:

Y=f(zn:wiXi+b)

Where,

Y is the output of the neuron.

X; are the input features.

w; are the weights associated with the inputs.

b is the bias term.

f is the activation function (e.g., sigmoid, ReLU).
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Support Vector Regression (SVR)

Support Vector Regression (SVR), the supervised learning
algorithm is used to predict discrete values. SVR's main aim
is to locate the line of best fit. The best-fit line in SVR is the
hyperplane with the maximum number of points. The SVR,
unlike other regression models, aims to fit the best line inside
a threshold value, rather than minimizing the error between
the real and projected value. Fitting of Support Vector
regression f(X) = S, + B1X; + -+ B, X, can be expressed
as Minimize {¥7; max[0,1 — y;f (x;)] + A 3¥_, 873

The principal idea involved in SVR is to transform the
original input space into high-dimensional variable space and
then build the regression or time series model in a
transformed high-dimensional feature space. A vector of data
set says Z = {x;y;}I_,, where x; € R™ is the input vector, y; is
the scalar output, and N is the size of the data set. The general
equation SVR can be written as follows:

f)=WTd(x)+b

Where Wis the weight vector,bis the bias term, and
superscript T denotes the transpose.

Extreme Learning Machine (ELM)

Extreme Learning Machine (ELM) is a machine learning
algorithm that offers a fast and efficient approach for training
single-hidden-layer feed forward neural networks. It was
introduced by Huang, Huang, and Song in 2006 as an
alternative to traditional iterative optimization algorithms like
back propagation.

The training process of ELM involves the following steps:
1. Input Layer: The input layer receives the feature vectors
or data points.

Hidden Layer: The hidden layer consists of randomly
assigned weights connecting the inputs to the hidden
neurons.

Activation Function: Each hidden neuron applies an
activation function (e.g., sigmoid, radial basis function,
or ReLU) to the weighted sum of its inputs.

Output Layer: The outputs of the hidden layer are
linearly combined using a least-squares regression
algorithm to obtain the output weights. This step involves
solving a system of linear equations.

2.

A series of models were developed to predict groundnut
prices based on historical price data. The models applied
in this research include:

Wavelet-ARIMA: A combination of  wavelet
decomposition and ARIMA for forecasting both trend
and seasonal components of time series data. The
application of this approach can be seen in Kriechbaumer
etal. (2014) (4,

Wavelet-ANN: It involves decomposing the time series
into different frequency components using wavelet
transform, training separate artificial neural networks on
each component, and then reconstructing the forecasted
series through inverse wavelet transform to capture both
linear and nonlinear patterns for improved accuracy. The
application of this approach can be seen in Paul et al.
(2022) 91,

Avrtificial Neural Networks (ANN): A machine learning
model designed to capture complex nonlinear
relationships.

~g4~

https://www.mathsjournal.com

Support Vector Regression (SVR): A robust machine
learning technique based on Support Vector Machines
(SVM), designed to perform regression tasks by finding
an optimal hyperplane that minimizes generalization
error, making it effective for handling high-dimensional
and nonlinear data. For this particular data radial basis
function was used.

Extreme Learning Machine (ELM): A feed forward
neural network model with a single hidden layer, where
input weights and biases are randomly assigned and
output weights are analytically determined, enabling
extremely fast learning and good generalization for
nonlinear regression problems. In this sigmoid activation
function was used

Hybrid ARIMA+ANN: This approach integrates
ARIMA (Autoregressive Integrated Moving Average) for
forecasting linear patterns while utilizing Artificial
Neural Networks (ANN) to model the nonlinear
residuals. This combination allows for a more
comprehensive analysis, effectively addressing both
linear trends and complex, nonlinear behaviors in the
data. This hybrid approach was witnessed in Zhang
(2003) 291,

Hybrid ARIMA+SVR: This approach integrates
ARIMA (Autoregressive Integrated Moving Average) for
forecasting linear patterns while utilizing Support Vector
Regression (SVR) to model the nonlinear residuals. This
combination allows for a more comprehensive analysis,
effectively addressing both linear trends and complex,
nonlinear behaviors in the data.

Hybrid ARIMA+ELM: This approach integrates
ARIMA (Autoregressive Integrated Moving Average) for
forecasting linear patterns while utilizing Extreme
learning Machine (ELM) to model the nonlinear
residuals. This combination allows for a more
comprehensive analysis, effectively addressing both
linear trends and complex, nonlinear behaviors in the
data. Statistical Tests:

Box-Pierce Test: Applied to check for autocorrelation in
residuals to assess the randomness of the data.
Brock-Dechert-Scheinkman (BDS) Test: Used to
determine the presence of nonlinearity, which justifies
the application of nonlinear models like ANN, SVR and
ELM.

Performance Evaluation Metrics: To evaluate the
models, the following performance metrics were used:
Root Mean Square Error (RMSE): Measures the
square root of the average squared differences between
actual and predicted values.

)
Formula: RMSE = \/@

Where y; and yare the actual and predicted values of
response variable, respectively.

Mean Square Error (MSE)
Measures the average squared differences between actual and
predicted values

N (y:—F7)2
Formula: MSE = 2130

Where y; and y,are the actual and predicted values of
response variable, respectively.


https://www.mathsjournal.com/

International Journal of Statistics and Applied Mathematics

Mean absolute percentage error (MAPE)
The mean absolute percentage error (MAPE) is one of the
most popular measures of the forecast accuracy.

Formula: MAPE =~y |4t

N Fe
A; and F;note the actual and forecast values at data point t,
respectively.

Results and Discussion

The wholesale castor prices in Andhra Pradesh showed an
average price of ¥3890.70 and a median of 33592, indicating
a moderate right-skew in the distribution (skewness
0.7157). The mode was %2329, significantly lower than the
mean and median. The standard deviation of ¥1121.62 reflects
notable variability, while the coefficient of variation (28.83%)
indicates moderate relative variability. Prices ranged from a
minimum of 32037 to a maximum of 6873, with a wide
range of Y4836 and an interquartile range of I1450.75.
Overall, castor prices displayed moderate variability with a
tendency for higher extremes.

Table 1: Descriptive statistics

Statistic Value
Mean 4239.946
Median 4150.5
Mode 3189
Standard Deviation 1200.995
Skewness 0.131394
Kurtosis 2.16946
Minimum 1997
1st Quartile 3403.25
3rd Quartile 5120.25
Maximum 6784
Coefficient of Variation 28.3257

In this study, we implemented various modeling techniques to
analyze the data and enhance prediction accuracy. Firstly, we
applied the ARIMA model using the auto.arima() function in
R. This analysis identified the optimal ARIMA model as (0,
1, 0), which was determined based on the lowest Akaike
Information Criterion (AIC). However, subsequent testing
with the Box-Pierce test and BDS test revealed the presence
of autocorrelation and non-linearity in the residuals of the
ARIMA model, suggesting that it may not fully capture the
underlying dynamics of the data. To address these limitations,
we then employed an Artificial Neural Network (ANN) model
on the training dataset. This model comprised 12 input nodes,
2 hidden nodes in a single hidden layer, and one output node,
utilizing the NNETAR function from the forecast package in
R. Despite improvements, the residuals from the ANN model
also indicated autocorrelation and non-linearity, highlighting
the complexity of the data structure.

Next, we constructed a Support Vector Regression (SVR)
model, which was fine-tuned with specific parameters: a cost
parameter of 7, a gamma value of 0.6, and an epsilon margin
of 0.01. These parameters were carefully selected to balance
model complexity with tolerance for error, thereby enhancing
the model's predictive capabilities while mitigating the risk of
over fitting.

Furthermore, we applied an Extreme Learning Machine
(ELM) model comprising 300 hidden neurons, each initialized
with uniform negative weights. The input weights, biases for
the hidden layer, and output weights were structured as
numeric vectors of length 300, corresponding to the number
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of hidden nodes. The activation function utilized in this model
was the sigmoid function, which is known for its effectiveness
in neural network applications. Building on these individual
models, we also explored Wavelet models, which provide a
robust approach for handling non-stationary data. Finally,
Hybrid models were employed to combine the strengths of the
aforementioned techniques, aiming to achieve even higher
accuracy in the predictions. Through this comprehensive
modelling approach, we aimed to effectively capture the
complexities of the data and improve forecasting
performance.

Figure 1 illustrates the discrete wavelet decomposition of the
original time series, separating it into approximation and
detail components across multiple resolution levels. The
lower panel presents the original time series, while the upper
panels depict the detail coefficients (Wi to W7) and the
approximation component (V7), effectively highlighting
features present at various time scales.
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Fig 1: Multi-resolution wavelet decomposition of the original time
series

Among the explored models, the combinations of ARIMA
with Support Vector Regression (SVR) and ARIMA with
Extreme Learning Machine (ELM) displayed suboptimal
performance metrics, particularly regarding RMSE, MSE, and
MAPE. Notably, the ARIMA+ELM hybrid model exhibited
superior performance relative to the other evaluated models,
achieving the lowest training performance metrics, reflecting
its high accuracy and stability in predictions. When compared
to all other evaluated models, ARIMA+ELM consistently
delivers enhanced precision, indicating that the integration of
ARIMA's linear modelling approach with ELM's nonlinear
learning capabilities adeptly captures the underlying structure
of the dataset.

The predicted values for castor prices in 2025, as obtained
from the ARIMA+ELM model, are presented in Table 3,
showing a strong alignment with the actual market prices.
Graph 1 further illustrates the accuracy of the forecasts by
depicting the actual versus predicted values for 2025, where
the predicted price series closely tracks the actual price
movements. This result reaffirms the effectiveness of the
ARIMA+ELM model in capturing both long-term price trends
and short-term market fluctuations, making it a valuable tool
for stakeholders in the agricultural sector, including farmers,
traders, and policymakers, to make informed market
decisions. A comparative analysis of the forecasting models
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for castor price prediction highlights the ARIMA + ELM
approach as the most accurate. The ARIMA + ELM model
achieved the lowest RMSE and MAPE across both training
and testing phases, demonstrating its superior forecasting
ability. Specifically, ARIMA + ELM had an RMSE of 2.27
(training) and 1.76 (testing), with a MAPE of 0.00037
(training) and 0.00030 (testing), making it the top performer.
This model effectively combined ARIMA’s ability to capture
linear trends with ELM’s efficiency in handling nonlinear
relationships. The ARIMA + SVR model also performed
exceptionally well, achieving an RMSE of 2.36 (training) and
1.73 (testing), with a MAPE of 0.00054 (training) and
0.00029 (testing). This hybrid model demonstrated its
strength in capturing both linear and nonlinear components of
castor price movements, placing it second in performance.
The SVR model, while standalone, showed remarkable
performance, with an RMSE of 8.91 (training) and 6.83
(testing), and a MAPE of 0.0022 (training) and 0.0011
(testing). This indicates that SVR was able to handle the
nonlinearities in the data effectively, securing its position as
the third-best model. The ARIMA + ANN hybrid model,
although an improvement over ANN alone, lagged behind
both ARIMA + ELM and ARIMA + SVR. It achieved an
RMSE of 74.63 (training) and 305.75 (testing), with a MAPE
of 0.01298 (training) and 0.0420 (testing), showing moderate
performance when compared to other hybrid models. Other
models like Wavelet ARIMA, ARIMA, ELM, Wavelet ANN,
and ANN showed less accuracy, with ANN performing the
worst across all metrics, indicating its limitations when
forecasting volatile agricultural prices.

Thus, the overall ranking based on the performance metrics is:
ARIMA + ELM > ARIMA + SVR > SVR > ARIMA + ANN
> Wavelet ARIMA > ARIMA > ELM > Wavelet ANN >
ANN. This ranking underscores the superior performance of

https://www.mathsjournal.com

hybrid models, especially when combining linear and
nonlinear techniques to better capture price volatility.

To further evaluate the accuracy, the results of the Box-Pierce
test applied to the residuals of the ARIMA+ELM model
revealed a p-value of 0.4553, significantly higher than the
0.05 threshold. This finding suggests that there is no
significant autocorrelation in the residuals, indicating that the
model has effectively captured the underlying patterns in the
data and that the residuals resemble white noise. Moreover,
the BDS test results for the same residuals showed that all p-
values were well above 0.05 across different embedding
dimensions (m = 2 and 3) and various epsilon values. This
further confirms that there is no substantial evidence of
nonlinearity or dependence remaining in the residuals.
Consequently, we can conclude that the residuals behave like
independent and identically distributed (I.1.D.) noise, which
reinforces the notion that the ARIMA+ELM model has
successfully encapsulated the data structure without leaving
any hidden patterns or dependencies. The results of this study
underscore the effectiveness of hybrid models, particularly
ARIMA + ELM, for improving the accuracy of time-series
forecasting in agricultural markets. The ARIMA + ELM
model proved to be particularly efficient by combining
ARIMA’s capability to capture linear trends with ELM’s
strength in handling nonlinearities. This hybrid approach
successfully addressed both the long-term trends and the
complex, nonlinear fluctuations of castor prices,
demonstrating the model’s robustness and superior
performance. The insights derived from this study highlight
the potential of hybrid models in agricultural price
forecasting, suggesting that future research could focus on
integrating ARIMA + ELM with other advanced techniques
to further enhance predictive accuracy and provide deeper
market insights.

Table 2: Performance metrics for comparison of model accuracy

Models i RMSE _ MSE _ MAPE
Train Test Train Test Train Test
ARIMA 251.6535 325.8201 63329.5 106158.8 0.04591449 0.0458737
ANN 681.0723 912.6071 463859.4 832851.7 0.09962312 0.1383175
SVR 8.905508 6.827216 79.30807 46.61088 0.002185783 0.00111707
ELM 451.6536 476.0676 203991 226640.3 0.09697087 0.08130492
ARIMA+ANN 74.6316 305.7511 5569.875 93483.75 0.01298494 0.04202691
ARIMA+SVR 2.361702 1.730982 5.577634 2.9963 0.0005377289 0.00029294
ARIMA+ELM 2.267576 1.757278 5.141901 3.088026 0.0003747283 0.0002950026
Wavelet ARIMA 338.8741 428.2173 114835.6 183370 0.06115516 0.06545989
Wavelet ANN 747.1766 334.1508 558272.8 111656.8 0.120743 0.04618253
Table 3: The actual and predicted prices of castor in Andhra Pradesh for the year 2025
2025 Actual price Predicted price
January 5601 5617.075
February 5718 5708.553
March 5929 5869.658
April 5753.54
May 5591.843
June 5617.075
July 5872.717
August 6022.588
September 6049.684
October 6264.763
November 6005.288
December 5988.041
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PRICE(Rs./Quintal)

Actual vs Predicted prices of castorin andhra pradesh using arima+elm model
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Graph 1: Graphical representation of actual and predicted prices of castor in Andhra Pradesh using ARIMA+ELM Model

Conclusion 2. Alsuwaylimi AA. Comparison of ARIMA, ANN and
This study demonstrates the effectiveness of hybrid hybrid ARIMA-ANN models for time series forecasting.
forecasting models, particularly the ARIMA + ELM Inf. Sci. Lett. 2023;12(2):1003-1016.
approach, for predicting the volatile prices of castor in Andhra 3. Anjoy P, Paul RK. Comparative performance of wavelet-
Pradesh. Through comprehensive analysis, we have shown based neural network approaches. Neural Comput Appl.
that combining ARIMA's ability to model linear trends with 2019;31:3443-3453.
ELM's proficiency in handling nonlinear relationships results 4. Bhardwaj SP, Paul RK, Singh DR, Singh KN. An
in significantly improved forecasting accuracy. The ARIMA empirical investigation of ARIMA and GARCH models
+ ELM model outperformed other models, achieving the in agricultural price forecasting. Econ Anal Policy.
lowest RMSE and MAPE across both training and testing 2014;59(3):415-428.
datasets, highlighting its robustness in capturing both long- 5. Bao W, Cao Y, Yang Y, Che H, Huang J, Wen S. Data-
term price trends and short-term fluctuations. driven stock forecasting models based on neural
The study also revealed that traditional models such as networks: A review. Inf. Fusion. 2024;102616.
ARIMA and ANN alone were less effective in capturing the 6. Chen Y, Bhutta MS, Abubakar M, Xiao D, Almasoudi
complexity and volatility inherent in agricultural price data, FM, Naeem H, et al. Evaluation of machine learning
while hybrid model ARIMA + ANN and machine learning models for smart grid parameters: Performance analysis
model like SVR showed improvements but did not surpass the of  ARIMA and Bi-LSTM. Sustainability.
performance of ARIMA + ELM. Furthermore, the successful 2023;15(11):8555.
application of the Box-Pierce and BDS tests to the residuals 7. Cheng H, Huang A. SVM-based agricultural crop price
of the ARIMA + ELM model confirmed its ability to capture prediction model. IAENG Int. J Comput Sci.
the underlying data structure without leaving any significant 2025;52(2):307-316.
autocorrelation or nonlinearity. 8. Das D, Chakrabarti S. An Extreme Learning Machine
Overall, this research underscores the importance of approach for forecasting the Wholesale Price Index of
integrating both linear and nonlinear techniques to enhance food products in India. Pertanika J Sci Tech. 2023;31(6).
the precision of agricultural price forecasting models. The 9. Das T, Paul RK, Bhar LM, Paul A. K. Application of
findings contribute valuable insights to the field of machine learning techniques with GARCH model for
agricultural economics and market forecasting, providing forecasting volatility in agricultural commodity prices. J
stakeholders with a reliable tool for making informed Indian Soc Agric Stat. 2020;74(3):187-194.
decisions. Future research could explore the integration of 10. Fernandez C, Salinas L, Torres CE. A meta extreme
hybrid models with other advanced machine learning learning machine method for forecasting financial time
algorithms or deep learning techniques to further enhance series. Appl Intell. 2019;49:532-554.
prediction accuracy and support strategic decision-making in 11. Jadhav V, Reddy BV, Gaddi GM. Application of ARIMA
agricultural markets. model for forecasting agricultural prices. J Agric. Sci.
Technol. 2017;19(5):981-992.
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