A Synergistic Approach to Forecasting Sesamum Prices: Hybrid, Machine Learning and Wavelet Decomposition Models in Andhra Pradesh



ABSTRACT
Sesamum (Sesamum indicum L.) is an important oilseed crop in Andhra Pradesh, playing a vital role in India's agricultural economy through both domestic consumption and export. Despite its long history of cultivation, Sesamum constitutes only a small fraction of global vegetable oil production. Its oil is highly valued for its nutritional quality, antioxidant properties, and stability, making it suitable for culinary, medicinal, and industrial uses. Accurate forecasting of wholesale Sesamum prices is essential for stakeholders to make informed decisions and manage market risks efficiently. In this context, secondary data on Sesamum prices in Andhra Pradesh from 2008 to 2024 was analysed using autocorrelation with the Box-Pierce test. A range of machine learning models were developed, including ARIMA, ANN, SVR, ELM, as well as hybrid and wavelet-based models. Among these, the ARIMA+SVR hybrid model exhibited the highest predictive accuracy, enhancing the reliability of price forecasts and contributing to improved planning, market stability, and economic efficiency in the agricultural sector.
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INTRODUCTION
Sesamum (Sesamum indicum L.) is a valuable oilseed crop renowned for its high-quality edible oil and nutritional richness, particularly in protein, antioxidants, and essential fatty acids. It holds significant cultural, economic, and medicinal importance, making it a staple in various culinary and industrial applications, including pharmaceuticals, cosmetics, and health foods. India ranks among the top producers of sesamum globally, with substantial cultivation taking place in states like Andhra Pradesh, Gujarat, Uttar Pradesh, and West Bengal. In India, sesamum plays a vital role in the livelihoods of smallholder farmers, particularly in dryland and marginal farming systems. Andhra Pradesh stands out as one of the key producers, with major cultivation concentrated in the districts of Srikakulam, Vizianagaram, and East Godavari. The crop’s resilience to drought and its suitability for low-input conditions make it a strategic choice for sustainable agriculture in arid zones.
In recent years, sesamum prices have become increasingly volatile due to a combination of global demand fluctuations, climate variability, speculative trading, and changing policy frameworks. This price instability presents a serious challenge for market participants, particularly small farmers, who rely on accurate price signals for production and marketing decisions. Traditional time series models such as ARIMA and GARCH, while effective in capturing linear trends and volatility clustering, often fall short in modelling the nonlinear and nonstationary behaviour common in agricultural markets.
To address this, the present study adopts a hybrid forecasting approach that combines statistical and machine learning techniques. The models used include standalone models (ARIMA, ANN, SVR, ELM, RFR), hybrid models like ARIMA+ANN, ARIMA+SVR, ARIMA+ELM, ARIMA+RFR, and wavelet-decomposition models (Wavelet-ARIMA, Wavelet-GARCH, Wavelet-ANN). Wavelet decomposition is employed to break down complex price signals into multi-scale components, enhancing the ability of models to capture both short-term fluctuations and long-term trends. The goal is to forecast monthly sesamum prices in Andhra Pradesh more accurately and provide actionable insights to support farmers, traders, and policymakers in navigating the challenges of a dynamic market environment.

MATERIALS AND METHODS

The data for this research was obtained from Indiastat and AGMARKNET, encompassing a period from January 2008 to December 2024, totalling 17 years of monthly data. The study was conducted in 2025 at S. V. Agricultural College in Tirupati. The dataset includes monthly average prices (in INR per quintal) specific to Andhra Pradesh, comprising 204 observations. Out of these, 192 data points were utilized for training, while the remaining 12 data points, specifically from 193 to 204, were used for testing. The analysis was performed using R Studio and Python.
Methodology
In this research, we utilized wavelet analysis to explore the fundamental patterns and structures within the time series data of Sesamum prices. This method enabled us to break down price fluctuations into various frequency components, effectively capturing both short-term volatility and long-term trends. As a result, we enhanced the accuracy of our forecasting models and gained valuable insights into price dynamics within the agricultural market. The wavelet transform provides a versatile framework for decomposing non-stationary time series data into localized frequency components, allowing for an in-depth analysis of both low-frequency trends and high-frequency variations, as demonstrated in Paul et al. (2021).

Wavelet Filter Selection
We employed the Haar wavelet filter due to its simplicity and orthogonality, which makes it particularly suitable for identifying abrupt changes in the time series. The Haar wavelet was selected for its excellent time localization properties and computational efficiency, making it advantageous for analysing non-stationary signals. Its application within the Maximal Overlap Discrete Wavelet Transform (MODWT) framework ensures shift-invariance and maintains alignment with the original time series, thereby facilitating a clearer and more robust multiscale decomposition for forecasting purposes.

Wavelet Transform Approach  
For the wavelet transformation, we opted for the MODWT instead of the traditional Discrete Wavelet Transform (DWT). The MODWT was chosen for its ability to manage signals of any length, to preserve alignment with the original time series, and to offer a shift-invariant representation. These features greatly enhance the analysis and forecasting of time series data.

Implementation  
The wavelet transform was implemented using the `modwt` function in R, with the following parameters set:  
- Filter: "haar"  
- MODWT: TRUE` 
- Level of Decomposition: 7  
- Boundary Handling: "periodic" 
- Computation Mode: `fast = TRUE`  

This configuration allowed us to decompose the time series into multiple components: one set of approximation coefficients capturing low-frequency trends and seven sets of detail coefficients representing high-frequency variations across different scales. This multilevel decomposition provided a more thorough understanding of both short- and long-term dynamics in the data, thereby supporting more accurate forecasting in subsequent modelling stages.

ARIMA (AutoRegressive Integrated Moving Average):
The procedure outlined can be observed in the work of Jadhav et al. (2017). The ARIMA model is widely used for forecasting time series data and consists of three main components:

AR (AutoRegressive): This component examines the relationship between a current observation and several preceding observations (or lagged data points).
I (Integrated): This involves differencing the raw data to ensure the time series becomes stationary.
MA (Moving Average): This part looks at the relationship between the current observation and the error from a moving average model applied to the lagged observations.

Specification of the ARIMA Model: 
The ARIMA model is represented as ARIMA (p, d, q), where:
p: Represents the number of lag observations (AR component)
d: Indicates how many times the raw data is differenced (I component)
q: Refers to the size of the moving average window (MA component)
Formula:
The ARIMA model can be expressed as:

Where,
 is 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 advanced computational models inspired by the neural networks found in the human brain. These networks consist of interconnected nodes, known as neurons, organized into layers: an input layer, one or more hidden layers, and an output layer. ANNs are particularly effective at recognizing and modelling intricate nonlinear relationships within data, which makes them useful in a range of areas, including machine learning, data analysis, and artificial intelligence. The use of artificial neural networks (ANNs) is discussed in Paul et al. (2020).
Architecture:
Input Layer: Accepts the input features.  
Hidden Layer(s): Analyses inputs using activation functions to identify patterns.  
Output Layer: Generates the predicted output.  
Training:
Artificial Neural Networks (ANNs) learn from a dataset by modifying their weights and biases through a method known as backpropagation, which aims to reduce the discrepancy between the predicted and actual outputs.
Formula:
For a single-layer feedforward ANN, the output Y can be computed as:

where:
 is the output of the neuron.
​ are the input features.
 are the weights associated with the inputs.
 is the bias term.
 is the activation function (e.g., sigmoid, ReLU).
Support Vector Regression (SVR):
Support Vector Regression (SVR) is a supervised learning algorithm designed to predict discrete values. Its primary goal is to find the optimal line of best fit. In SVR, the best-fit line is represented by a hyperplane that encompasses the maximum number of data points. Unlike other regression models, SVR focuses on fitting this optimal line within a specified threshold rather than simply minimizing the error between actual and predicted values. Fitting of Support Vector regression 

can be expressed as Minimize
 	
The core concept of SVR is to convert the original input space into a high-dimensional variable space, and then create the regression or time series model within this transformed, high-dimensional feature space. A vector of data set says  where   is the input vector,   is the scalar output, and N is the size of the data set. The general equation SVR can be written as follows:
                              	    
where W is the weight vector, b is the bias term, and superscript T denotes the transpose. 
Extreme Learning Machine (ELM):
Extreme Learning Machine (ELM) is a machine learning technique that provides a rapid and effective way to train single-hidden-layer feedforward neural networks. Developed by Huang, Huang, and Song in 2006, it serves as an alternative to conventional iterative optimization methods like backpropagation.

The training process of ELM consists of several steps:
1. Input Layer: The input layer takes in the feature vectors or data points.
2. Hidden Layer: This layer is made up of hidden neurons that are connected to the inputs through randomly assigned weights.
3. Activation Function: Each hidden neuron applies an activation function (such as sigmoid, radial basis function, or ReLU) to the weighted sum of its inputs.
4. Output Layer: The outputs from the hidden layer are combined using a least-squares regression approach to determine the output weights. This step requires solving a set of linear equations.
Random Forest Regression
Random forest (RF) is a versatile and user-friendly machine learning technique that often yields strong results even without fine-tuning hyperparameters. Due to its ease of use and inherent variety, it ranks among the most popular algorithms. RF is a supervised learning algorithm that constructs a "forest" from a collection of decision trees, typically using the "bagging" approach. Each tree is generated in a unique "random" way, drawing from different samples of data and splitting nodes based on various feature sets. Each individual tree provides its own prediction, and ultimately, these predictions are averaged to produce a final outcome. The fundamental idea behind the bagging method is that blending multiple learning models enhances overall results.
Procedure: 
· Randomly select k data points from the training dataset.
· Build a decision tree associated with these k points.
· Choose the number N of trees, you want to build and repeat the above steps.
· Make each of your N-tree trees forecast the value of y for a new data point, and then assign the new data point to the average of all of the predicted y values. 
Form of the regression trees model 
                                                               
Where, R1, R2, …, RM represent a partition of feature space.
A series of models were developed to predict groundnut prices based on historical price data. The models applied in this research include:
Wavelet-ARIMA: This technique merges wavelet decomposition with ARIMA for forecasting both the trend and seasonal elements of time series data. An example of this application can be found in the work of Kriechbaumer et al. (2014).
Wavelet-ANN: This approach involves breaking down the time series into various frequency components via wavelet transform, training distinct artificial neural networks on each component, and then using inverse wavelet transform to reconstruct the forecasted series. This method captures both linear and nonlinear patterns for enhanced accuracy, as demonstrated by Paul et al. (2022).
Artificial Neural Networks (ANN): A machine learning model crafted to understand complex nonlinear relationships.

Support Vector Regression (SVR): A powerful machine learning method rooted in Support Vector Machines (SVM), aimed at performing regression by identifying an optimal hyperplane that minimizes generalization errors. It is particularly effective for high-dimensional and nonlinear datasets, utilizing a radial basis function in this case.
Extreme Learning Machine (ELM):A feedforward neural network model characterized by a single hidden layer, where input weights and biases are assigned randomly, and output weights are derived analytically. This allows for rapid learning and effective generalization in nonlinear regression problems, applying a sigmoid activation function.
Hybrid ARIMA+ANN: This strategy combines ARIMA (AutoRegressive Integrated Moving Average) for forecasting linear trends with Artificial Neural Networks (ANN) to capture the nonlinear residuals. Such integration enables a thorough analysis, addressing both linear patterns and complex nonlinear behaviours in the data, a methodology observed in Zhang (2003).
Hybrid ARIMA+SVR: This strategy incorporates ARIMA for linear forecasting while employing Support Vector Regression (SVR) to address the nonlinear residuals. The combination provides a more detailed analysis, effectively tackling both linear trends and intricate nonlinear behaviours in the data.
Hybrid ARIMA+ELM: This method blends ARIMA for linear forecasting with Extreme Learning Machine (ELM) to model the nonlinear residuals. The combination results in a more extensive analytical approach, effectively managing both linear trends and complex nonlinear patterns in the data.
Hybrid ARIMA+RFR: This technique integrates the ARIMA model to capture linear components and temporal dependencies within the time series, alongside Random Forest Regression (RFR) to model the nonlinear residual patterns. By leveraging ARIMA's capabilities in handling linear trends and seasonality while utilizing RFR’s strength in learning complex nonlinear relationships, this hybrid strategy improves forecasting accuracy and robustness, particularly for datasets exhibiting both linear and nonlinear characteristics.
Statistical Tests:
Box-Pierce Test: This test is used  to check for autocorrelation in residuals to assess the randomness of the data.
Brock-Dechert-Scheinkman (BDS)Test: This test is used to determine the presence of nonlinearity, which justifies the application of nonlinear models like ANN, SVR, ELM and RFR.
 
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:


where  and are the actual and predicted values of response variable, respectively.
Mean Square Error (MSE): 
Measures the average squared differences between actual and predicted values
Formula:  
where  and are the actual and predicted values of response variable, respectively.

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

Formula:
MAPE = 
 and note the actual and forecast values at data point t, respectively. 

RESULTS AND DISCUSSION

The Wholesale monthly prices of Sesamum in Andhra Pradesh exhibited an average price of ₹6691.94 and a median of ₹7200, suggesting a slightly left-skewed distribution (skewness = -0.42). The mode of ₹9000, which is higher than both the mean and median, further supports this observation. The standard deviation of ₹2325.58 indicates substantial variability in prices, while the coefficient of variation (34.75%) reflects moderate to high relative variability. Prices ranged from a minimum of ₹2200 to a maximum of ₹10693, with an interquartile range of ₹3606.25 (Q3 - Q1 = 8500 - 4893.75), suggesting a wide dispersion in the central 50% of the data. Overall, Sesamum prices displayed considerable variability with a tendency toward lower price extremes.
.Table 1: Summary statistics

	STATISTIC
	VALUE

	MEAN
	6691.94

	MEDIAN
	7200

	MODE
	9000

	STANDARD DEVIATION
	2325.58

	SKEWNESS
	-0.42

	KURTOSIS
	2.08

	MINIMUM
	2200

	1ST QUARTILE
	4893.75

	3RD QUARTILE
	8500

	MAXIMUM
	10693

	COEFFICIENT OF VARIATION
	34.75%


In this research, we applied a range of modelling techniques to analyse the data and improve prediction accuracy. Initially, we utilized the ARIMA model by leveraging the auto.arima() function in R, which revealed the most suitable ARIMA configuration as (0,1,1) based on its minimal Akaike Information Criterion (AIC) value. Subsequent evaluations using the Box-Pierce test indicated that the residuals displayed no autocorrelation. However, results from the BDS test pointed to the presence of non-linearity in the ARIMA model's residuals, indicating that it may not fully capture the data's intrinsic dynamics.

To overcome these shortcomings, we turned to an Artificial Neural Network (ANN) model trained on the dataset. The structure of the model was defined as ANN (12,14), consisting of 12 input nodes, a hidden layer with 14 nodes, and one output node. We ran the model training process 20 times to accommodate variations in random initialization, with final forecasts generated from the average of these 20 iterations using the nnetar function from the forecast package in R. Although improvements were noted, the residuals from the ANN model also displayed autocorrelation and non-linearity, emphasizing the data's intricate structure.

Following this, we developed a Support Vector Regression (SVR) model, tuning it with specific parameters: a cost of 7, a gamma of 0.6, and an epsilon margin of 0.01. These parameters were thoughtfully chosen to balance the model's complexity and error tolerance, thus enhancing its predictive performance while reducing the likelihood of overfitting.

Additionally, we implemented an Extreme Learning Machine (ELM) model with 300 hidden neurons, all initialized with uniform negative weights. The model's input weights, biases for the hidden layer, and output weights were organized into numeric vectors of length 300, corresponding to the hidden nodes. For this model, the sigmoid function was used as the activation function, known for its effectiveness in neural network contexts.

Next, we constructed a Random Forest Regression model featuring an ensemble of 100 decision trees, aimed at improving predictive accuracy and model reliability. To ensure consistent results, we employed a fixed random seed during the model development process. The model training was conducted using the training dataset, which contained both the input features and their corresponding target outcomes. We also investigated Wavelet models incorporating ARIMA and ANN methods.

In Figure 1, we visualize the discrete wavelet decomposition of the original time series, dividing it into approximation and detail components across various resolution levels. The lower panel displays the original time series, while the upper panels illustrate the detail coefficients (W₁ to W₇) and the approximation component (V₇), effectively highlighting features present at multiple time scales.
[image: ]
Fig 1: Wavelet Decomposition graph of the Original Time Series
Ultimately, we utilized hybrid models to merge the advantages of the previously mentioned methods, with the goal of enhancing prediction accuracy. By adopting this thorough modelling strategy, we sought to successfully address the intricacies of the data and elevate the forecasting capabilities.
The performance of the models were compared by using MSE, RMSE and MAPE which are displayed in Table 2. Among the explored models , the Box-Pierce test was done on the residuals of all the models and the models which had no autocorrelation in the residuals were selected for Diebold-Mariano test for prediction accuracy. 
The results of  Diebold- Mariano test are presented in Table 3, indicated that both ARIMA+SVR and ARIMA+ELM significantly outperformed the baseline ARIMA model, with DM statistics of 5.9926 (p = 0.00009) and 5.2428 (p = 0.00028), respectively. Hybrid models generally showed improved accuracy over standalone models. Notably, ARIMA+ELM significantly outperformed ANN (DM = 2.4963, p = 0.0297) and ARIMA+ANN (DM = 4.6844, p = 0.00067), while also performing significantly better than the RFR model. 
In the direct comparison between ARIMA+SVR (Model 1) and ARIMA+ELM (Model 2), the DM statistic was 1.96 with a p-value of 0.07581, indicating that ARIMA+ELM performed marginally better than ARIMA+SVR. Hence, although both ARIMA+SVR and ARIMA+ELM were top-performing hybrid models, ARIMA+ELM emerged as the best model overall, based on its consistent and statistically significant superiority.
Based on the error metrics and Diebold-Mariano (DM) test results, ARIMA+ELM > ARIMA+SVR, indicating that ARIMA+ELM is the most effective model for forecasting. It achieved the lowest test RMSE (251.56), MSE (63,282.4), and MAPE (0.025), clearly outperforming all other models in predictive accuracy.  While ARIMA+SVR showed the best training performance, its test accuracy is inferior to ARIMA+ELM, reinforcing the hierarchy for models with no autocorrelation among the residuals: ARIMA+ELM > ARIMA+SVR > RFR > ARIMA+ANN > ANN > ARIMA.










Table 2. Metrics for Evaluating Model Accuracy

	Models
	RMSE
	MSE
	MAPE

	
	Train
	Test
	Train
	Test
	Train
	Test

	ARIMA
	668.36
	2182.54
	446711.8
	4763491
	0.066
	0.237

	ANN
	616.54
	1165.06
	380131.3
	1357385
	0.079
	0.104

	SVR
	17.47

	18.02

	305.52

	324.61

	0.002

	0.001


	ELM
	1285.91

	1415.06
	1653578

	2002383

	0.206

	0.129


	RFR
	228.94

	1655.57

	52412.72

	2740895.96

	0.023
	0.167


	ARIMA+
ANN
	198.31

	2155.11

	39328.79

	4644514

	0.024

	0.230


	ARIMA+
SVR
	11.65

	799.11

	135.83

	638577.4

	0.001
	0.072


	ARIMA+
ELM
	234.00

	251.56

	54756.14

	63282.40

	0.015

	0.025


	ARIMA+
RFR
	283.072

	2508.04

	80129.95

	6290247

	0.030

	0.268


	Wavelet ARIMA
	899.347

	1860.67

	808825.3

	3462098

	0.106

	0.190


	Wavelet GARCH
	1274.36

	2561.69

	1624015

	6562290

	0.175

	0.270


	Wavelet
ANN
	1147.22

	1356.70

	1316117

	1840641

	0.161

	0.133




Table 3.Results of the Diebold-Marino test for Sesamum prices in Andhra Pradesh
	S.No
	Model 1
	Model 2
	DM Statistic
	P-Value

	1
	ARIMA
	ANN
	3.252
	0.007***

	2
	ARIMA
	ARIMA+ANN
	0.375
	0.714

	3
	ARIMA
	ARIMA+SVR
	5.992
	0.00009***

	4
	ARIMA
	ARIMA+ELM
	5.242
	0.0002***

	5
	ARIMA
	RFR
	1.376
	0.195

	6
	ANN
	ARIMA+ANN
	-3.004
	0.011**

	7
	ANN
	ARIMA+SVR
	1.072
	0.306

	8
	ANN
	ARIMA+ELM
	2.496
	0.029**

	9
	ANN
	RFR
	-1.517
	0.157

	10
	ARIMA+ANN
	ARIMA+SVR
	5.318
	0.0002***

	11
	ARIMA+ANN
	ARIMA+ELM
	4.684
	0.0006***

	12
	ARIMA+ANN
	RFR
	1.272
	0.229

	13
	ARIMA+SVR
	ARIMA+ELM
	1.960
	0.075*

	14
	ARIMA+SVR
	RFR
	-2.548
	0.027**

	15
	ARIMA+ELM
	RFR
	-4.238
	0.001***



Table 4: Actual and predicted prices of Sesamum in Andhra Pradesh for the year 2025.

	
2025
	Actual 
price
	Predicted price

	January
	10020
	10718.85

	February
	10300
	10540.52

	March
	10140
	10328.91

	April
	9865
	9592.80

	May
	
	9953.67

	June
	
	9732.97

	July
	
	9743.04

	August
	
	9696.65

	September
	
	9711.85

	October
	
	9759.93

	November
	
	9753.50

	 December
	
	9861.39




Graph 1: Visual representation of the actual and predicted prices of Sesamum in Andhra Pradesh using the ARIMA+ELM Model.



 Conclusion
This research highlights the advantages of hybrid forecasting models, specifically the combination of ARIMA and ELM, in predicting the fluctuating prices of sesame in Andhra Pradesh. Our thorough analysis indicates that merging ARIMA’s capability to model linear trends with ELM’s strength in addressing nonlinear dynamics significantly enhances forecasting precision. The ARIMA + ELM model consistently outperformed others, achieving reliable RMSE and MAPE results for both training and testing datasets, demonstrating its effectiveness in capturing both long-term trends and short-term variations.

The findings also indicated that standalone approaches like ARIMA and ANN fell short in effectively representing the complexities and volatility present in agricultural price data. While hybrid models such as ARIMA + ANN and machine learning methods like SVR showed some improvement, they did not exceed the performance of the ARIMA + ELM combination.

Moreover, the successful application of the Box-Pierce and BDS tests on the residuals of the ARIMA + ELM model confirmed its capacity to accurately reflect the underlying data structure without significant issues of autocorrelation or nonlinearity.

In summary, this study emphasizes the crucial role of combining both linear and nonlinear techniques to improve the accuracy of agricultural price forecasting models. The results provide valuable insights for agricultural economics and market forecasting, offering stakeholders a dependable tool for informed decision-making. Future studies could examine the fusion of hybrid models with additional advanced machine learning or deep learning methodologies to further improve prediction accuracy and aid in strategic agricultural market decisions.
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