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ABSTRACT
Groundnut (Arachis hypogaea L.) is a crop of considerable economic and nutritional significance globally, providing essential nutrients while serving as a vital source of income for millions of farmers. Accurate forecasting of groundnut prices is crucial for ensuring market stability and enabling stakeholders in the agricultural sector to make informed decisions regarding production and marketing. This research focuses on forecasting groundnut prices, specifically in the Kurnool market of Andhra Pradesh. Various advanced forecasting models were employed, including Wavelet-ARIMA, Wavelet-GARCH, Artificial Neural Networks (ANN), and a hybrid ARIMA+ANN approach. The analysis was based on secondary price data collected from AGMARKNET, covering the period from 2010 to 2023, i.e 14 years of data (monthly data). To evaluate the forecasting models, performance metrics such as Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE) were utilised. These metrics are essential for assessing the accuracy and reliability of the models in predicting market trends. Among the models tested, the Wavelet-ARIMA model proved to be the most effective, exhibiting the lowest error metrics and demonstrating a robust ability to capture the underlying price dynamics. The findings highlight the potential of the Wavelet-ARIMA model as a reliable forecasting tool, offering valuable insights for farmers, traders, and policymakers. This research ultimately aims to enhance decision-making and strategic planning within the agricultural sector, contributing to better market outcomes for groundnut.
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Introduction


Groundnut (Arachis hypogaea L.) is a vital crop in global agriculture, serving as an essential source of protein and healthy fats while contributing to soil fertility and food security. Its significance spans human consumption and industrial applications, driving an ever-increasing demand.

 Present address: 1M.Sc. 2nd Year Student (shameemshaikstat@gmail.com), Department of Statistics and Computer Applications, S.V. Agricultural College, Tirupati, ANGRAU, Andhra Pradesh, India. 2M.Sc. 2nd Year Student (himajastat@gmail.com), Department of Statistics and Computer Applications, S.V. Agricultural College, Tirupati, ANGRAU, Andhra Pradesh, India. 3Assistant Professor (p.lavanyakumari@angrau.ac.in), Department of Statistics and Computer Applications, ANGRAU, Andhra Pradesh, India.
This growing demand necessitates accurate price forecasting, which plays a crucial role in managing agricultural risks, ensuring market stability, and enabling informed decision-making for farmers, traders, and policymakers.
The Kurnool market in Andhra Pradesh, renowned as one of India’s pivotal agricultural hubs, is particularly notorious for price volatility, which presents significant challenges for various stakeholders, including farmers, traders, and policy-makers. Addressing this unpredictability necessitates the development of advanced forecasting models that can effectively capture the intricate, often nonlinear patterns inherent in agricultural price data. 
While traditional time series models like Autoregressive Integrated Moving Average (ARIMA) and Seasonal ARIMA (SARIMA) have been extensively employed due to their straightforward methodologies and ability to model linear trends, they reveal certain limitations when faced with the nonlinear dynamics and high volatility characteristic of agricultural prices. Such limitations hinder their effectiveness in providing accurate forecasts that are crucial for market decision-making.
In recent years, notable advancements in time series analysis, particularly in the realm of machine learning and hybrid modelling techniques, have illuminated new pathways for agricultural price forecasting. Notably, wavelet decomposition has gained recognition as a robust analytical technique that enables the dissection of time series data into various frequency components. This method proves particularly advantageous when integrated with models such as Generalised Autoregressive Conditional Heteroskedasticity (GARCH) for volatility modelling and Artificial Neural Networks (ANN) for capturing complex nonlinear relationships.
The implementation of hybrid models, such as the combination of ARIMA with ANN, capitalises on the strengths of both linear and nonlinear analytics, thereby enhancing the accuracy of forecasts in scenarios where traditional models fall short. This synthesis of methodologies promises a more nuanced understanding of price fluctuations, which is essential for effective market strategies.
This study aims to harness the power of advanced statistical and machine learning techniques by employing models such as Wavelet-ARIMA, Wavelet-GARCH, ANN, and the hybrid ARIMA+ANN to accurately forecast groundnut prices within the Kurnool market. By identifying the most effective forecasting model suited for this dynamic environment, this research aspires to establish a comprehensive framework that could be adapted for other agricultural commodities and markets. Ultimately, this initiative seeks to facilitate improved risk management and resource optimisation, enhancing the overall economic sustainability of stakeholders operating within this volatile agricultural landscape.

MATERIALS AND METHODS

The data for this study were sourced from AGMARKNET, a government portal for market data, covering the period from January 2010 to December 2023, i.e. 14 years of data (monthly data). The dataset consists of monthly average prices (in INR per quintal) from the Kurnool market in Andhra Pradesh, one of the most volatile groundnut markets in India. The dataset contains 168 observations. Out of the 168 data points, 156 data points were taken as train, and the rest 12, i.e. from 157-168 data points, were taken as test. The Following methodology was carried out in R Studio.

In this study, we employed wavelet analysis to investigate the underlying patterns and structures in the time series data of groundnut 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 localised frequency components, allowing for a detailed analysis of both low-frequency trends and high-frequency fluctuations. This approach can be found in Paul et al. (2021). 

Wavelet Filter Selection
We utilised the Haar wavelet filter, characterised by its simplicity and orthogonality, making it particularly effective for capturing abrupt changes in the time series. The Haar wavelet was chosen for its excellent time localisation properties and computational efficiency, which are advantageous in analysing non-stationary signals. Its use within the MODWT framework ensures shift-invariance and preserves the alignment with the original time series, thus facilitating a more interpretable and robust multiscale decomposition for forecasting purposes.
Wavelet Transform Approach
To perform the wavelet transform, we applied the Maximal Overlap Discrete Wavelet Transform (MODWT) rather than the traditional Discrete Wavelet Transform (DWT). The MODWT was selected due to its ability to handle signals of arbitrary length, preserve alignment with the original time series, and provide a shift-invariant representation, which enhances time series analysis and forecasting.
Implementation:
The wavelet transform was executed using the modwt function in R, with parameters set as follows:
Filter: "haar"
MODWT: modwt = TRUE 
Level of Decomposition: n.levels = 7
Boundary Handling: boundary = "periodic"
Computation Mode: fast = TRUE
This configuration enabled the decomposition of the time series into multiple components: one set of approximation coefficients, which capture the low-frequency trends, and seven sets of detail coefficients, which represent the high-frequency variations at different scales.

ARIMA (AutoRegressive Integrated Moving Average):
The application of this procedure can be seen in Jadhav et al. (2017). 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.
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)
q: Size of the moving average window 
(MA term)
Formula:
The ARIMA model can be expressed as:

Where,
 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.

GARCH (Generalized AutoRegressive Conditional Heteroskedasticity):
GARCH models, which stand for Generalized Autoregressive Conditional Heteroskedasticity models, are widely utilised for modelling and forecasting the volatility of returns in time series data.     These models enhance the original          ARCH (AutoRegressive Conditional Heteroskedasticity) framework by incorporating lagged volatility terms, allowing for a more comprehensive analysis of changing volatility patterns over time. This approach can be seen in Bhardwaj et al.(2014). The GARCH model assumes that the variance of the current error term is conditional on past error terms and past variances.

GARCH Model Specification:
The GARCH model is typically specified as GARCH (p, q), where:
p: Number of lagged variance terms
q: Number of lagged error terms
Formula:
The GARCH (1, 1) model can be expressed as:


​where:
 is the return at time t.
 is the mean of the series.
is the conditional variance.
​ is a white noise process.
​, ​, and ​ are parameters to be estimated.

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 modelling 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)
Architecture:
Input Layer: Receives input features.
Hidden Layer(s): Processes inputs with activation functions to learn patterns.
Output Layer: Produces the forecasted output.
Training:
ANNs are trained using a dataset by adjusting the weights and biases through a process called backpropagation, minimising the difference between 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).

A series of models was 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 et al. (2014).
Wavelet-GARCH: A model incorporating wavelet decomposition and GARCH to forecast price volatility.
Artificial Neural Networks (ANN): A machine learning model designed to capture complex nonlinear relationships.
Wavelet-ANN: It involves decomposing the time series into different frequency components using the 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).
Hybrid ARIMA+ANN: This approach integrates ARIMA (AutoRegressive Integrated Moving Average) for forecasting linear patterns while utilising 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 behaviours in the data. This hybrid approach was witnessed in Zhang (2003).
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 and GARCH.
 
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 the response variable, respectively.

Mean Absolute Error (MAE): 
Calculates the mean of absolute differences between predicted and actual values.
Formula: MAE = 
Where:
n = the total number of observations,
 = the actual value at time t,
 ​ = the predicted value at time t,
∣−∣= the absolute error between the actual and predicted values.

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

In this study, the Wavelet-ARIMA model demonstrated superior forecasting performance compared to other models, as evidenced by the evaluation metrics and statistical analysis presented in Table 2. The descriptive statistics of the groundnut price dataset is presented in Table 1, which indicates that the mean price was 4373.28, with a median of 4244.56 and a mode of 3828, suggesting a relatively symmetric distribution centred around the mean value. The standard deviation of 972.75 reflects moderate variability in the dataset, implying a certain degree of price fluctuations over time. Additionally, the skewness value of 0.38 indicates a slight positive asymmetry in the distribution, meaning that higher price values are slightly more frequent than lower values, while the kurtosis value of -0.58 suggests that the dataset exhibits platykurtic characteristics, indicating a flatter distribution with fewer extreme values compared to a normal distribution. The price range extends from a minimum of 2457.86 to a maximum of 6783.6, covering a total of 168 observations, reflecting the overall market dynamics and price volatility of groundnut over the study period.
	DESCRIPTIVE STATISTICS

	Mean
	4373.284

	Standard Error
	75.04949

	Median
	4244.562

	Mode
	3828

	Standard Deviation
	972.7526

	Sample Variance
	946247.6

	Kurtosis
	-0.58406

	Skewness
	0.385571

	Range
	4325.736

	Minimum
	2457.864

	Maximum
	6783.6

	Sum
	734711.7

	Count
	168


Table 1: Descriptive statistics

The integration of wavelet decomposition with ARIMA modelling played a crucial role in enhancing the predictive accuracy of the Wavelet-ARIMA model, as demonstrated in Figure 1. The decomposition process segregates the time series into multiple frequency components, facilitating a more detailed understanding of price behaviour. The Discrete Wavelet Transform (DWT) was applied to the original time series, breaking it down into approximation and detail coefficients at multiple resolution levels (W1 to W7). The approximation coefficients (V7) captured the low-frequency variations in groundnut prices, effectively highlighting the long-term trend patterns driven by macroeconomic factors, seasonal influences, and policy interventions. These coefficients provide crucial insights into the broader price movements and structural characteristics of the market. On the other hand, the detail coefficients (W1 to W7) captured high-frequency components of the data, which include short-term fluctuations, market shocks, and price volatility arising from supply chain disruptions, weather conditions, and speculative market activities. The finest-scale detail coefficients (W1 to W3) predominantly capture random noise and sudden short-term fluctuations, while the intermediate-scale coefficients (W4 to W5) exhibit structured variations that may correspond to seasonal cycles and periodic price trends. The highest-level detail coefficients (W6 and W7) represent long-term cyclic variations, filtering out transient noise while preserving significant long-term patterns in the dataset. This multi-resolution decomposition effectively distinguishes between structural trends and transient fluctuations, making it an essential tool for agricultural price forecasting.
The use of wavelet decomposition in the Wavelet-ARIMA model provided a strategic advantage by allowing the ARIMA component to focus on the approximation coefficients representing the long-term trend while mitigating the influence of short-term noise. This approach significantly improved forecasting accuracy, as the ARIMA model was able to model the underlying price movement without interference from erratic short-term fluctuations. The detail coefficients played a complementary role by capturing the short-term variations, which are often crucial for traders and policymakers who need to anticipate immediate market changes. This decomposition process is particularly relevant in agricultural markets, where prices are influenced by a combination of stable long-term factors, such as production trends and government policies, and frequent short-term disruptions, including seasonal supply changes, market demand fluctuations, and external shocks.
The performance of different forecasting models is summarized in Table 2, where the Wavelet-ARIMA model outperformed all other models, including Artificial Neural Networks (ANN), Wavelet-GARCH, and the ARIMA+ANN hybrid model, in terms of all three key evaluation metrics: Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). The Wavelet-ARIMA model achieved the lowest error values, with an RMSE of 393.2, MAE of 324.7, and MAPE of 5.19%, confirming its ability to provide accurate and reliable forecasts. The Wavelet-GARCH model, designed primarily to capture volatility, exhibited relatively poor predictive performance, with an RMSE of 2058.1 and a MAPE of 32.55%, indicating its limitations in forecasting stable agricultural prices. This result suggests that while GARCH models are effective for financial market applications where volatility clustering is a major concern, they may not be well-suited for agricultural price forecasting, where price movements are often influenced by fundamental supply-demand factors rather than financial market volatility.
The predicted values for groundnut prices in 2024, as obtained from the Wavelet-ARIMA 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 2024, where the predicted price series closely tracks the actual price movements. This result reaffirms the effectiveness of the Wavelet-ARIMA 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 further highlights the advantages of the Wavelet-ARIMA approach. The ANN model, which is capable of capturing complex nonlinear patterns, achieved an RMSE of 854.6 and a MAPE of 12.61%, indicating moderate performance. While ANN models are effective in capturing non-stationary and nonlinear relationships, their predictive accuracy was constrained by the relatively linear nature of the groundnut price data, which made traditional time series models such as ARIMA more effective. The ARIMA+ANN hybrid model, which combines linear and nonlinear modelling approaches, performed better than ANN alone, achieving an RMSE of 451.5 and a MAPE of 5.95%. However, despite its hybrid nature, the ARIMA+ANN model slightly underperformed when compared to the Wavelet-ARIMA model, demonstrating that wavelet decomposition plays a crucial role in improving forecasting accuracy. The overall ranking of the models for groundnut price forecasting, based on performance metrics, is as follows: Wavelet-ARIMA > Hybrid ARIMA+ANN > ANN > Wavelet-GARCH.
To further evaluate the adequacy of the Wavelet-ARIMA model, residual diagnostics were performed. The Box-Pierce test for autocorrelation yielded a statistic of 0.07557 with a p-value of 0.7834, indicating that the residuals do not exhibit significant autocorrelation. This suggests that the model has effectively captured the linear dependencies in the data, producing uncorrelated residuals, which is a key requirement for an optimal time series forecasting model. Additionally, the BDS test for nonlinearity in residuals provided mixed results. For embedding dimension 2, the p-values at smaller epsilon values (183.85 and 367.7) were 0.0312 and 0.0366, respectively, suggesting significant nonlinearity in the residuals. However, as the epsilon values increased (551.55 and 735.4), the p-values became larger, indicating reduced nonlinearity. Similarly, for embedding dimension 3, the p-values were 0.0038 and 0.0042 at smaller epsilon values, confirming the presence of nonlinearity, but the significance diminished at larger epsilon values. These findings suggest that while the Wavelet-ARIMA model effectively captures linear patterns, some residual nonlinearity remains, indicating potential areas for further model enhancement through hybrid or nonlinear approaches.
The results of this study underscore the effectiveness of wavelet-based decomposition for improving the accuracy of time-series forecasting models in agricultural markets. The Wavelet-ARIMA model proved to be particularly efficient by isolating trend and seasonal components through wavelet decomposition and subsequently applying ARIMA to forecast the time series. This approach successfully accounted for both the long-term behaviour and the short-term fluctuations of groundnut prices, demonstrating the model’s robustness and practical applicability. The insights derived from this study highlight the potential of wavelet-based forecasting techniques in agricultural price modelling, suggesting that future research could focus on integrating wavelet decomposition with advanced machine learning algorithms to further enhance predictive accuracy and market intelligence.


	Metric
	ANN
	Wavelet 
ANN
	Wavelet 
ARIMA
	Wavelet GARCH
	Hybrid ARIMA+ ANN

	MAE
	797.2093
	1028.169
	324.7702
	2038.045
	364.6279

	MAPE
	0.126115
	0.164595
	0.051922
	0.325542
	0.059581

	RMSE
	854.6599
	1251.889
	393.216
	2058.1
	451.5323



Table 2: Performance Evaluation Metrics
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2024 
	Actual 
price
	Predicted 
price

	JANUARY
	6449.15
	6558.177

	FEBRUARY
	6057.792
	6636.812

	MARCH
	7001.55
	6704.736

	APRIL
	6192.844
	6769.409

	MAY
	6205.089
	6819.939

	JUNE
	5916.026
	6861.058

	JULY
	6051.178
	6904.77

	AUGUST
	6387.2
	6949.901

	SEPTEMBER
	6469.55
	7004.677

	OCTOBER
	
	7070.836

	NOVEMBER
	
	7140.798

	 DECEMBER
	
	7213.104


Figure 1: Wavelet Decomposition of the Time Series


Table 3: The actual and predicted price values of groundnut for the year 2024








Graph 1: Graphical representation of actual and predicted prices of groundnut using WAVELET ARIMA


 Conclusion
This study provided an in-depth analysis of groundnut price forecasting in the Kurnool market, utilising a combination of wavelet decomposition and machine learning models, including Wavelet-ARIMA, Wavelet-GARCH, ANN, and a hybrid ARIMA+ANN approach. Among these, the Wavelet-ARIMA model outperformed the others, delivering the most accurate predictions based on evaluation metrics such as RMSE, MAE, and MAPE. The successful application of wavelet decomposition helped to capture both the short-term fluctuations and long-term trends in the time series, significantly enhancing the forecasting capability of traditional models. The practical implications of these findings are substantial. Accurate price forecasting can aid farmers, traders, and policymakers in making informed decisions, minimising risks associated with market volatility. In the context of the Kurnool market, where price fluctuations can directly impact the livelihoods of local farmers, reliable forecasting tools offer a means to optimise selling strategies, improving economic stability. This research demonstrates the value of integrating wavelet analysis with machine learning, contributing to the broader understanding of agricultural price dynamics. Despite the strong performance of the Wavelet-ARIMA model, the study does have certain limitations. The reliance on historical price data alone may overlook external factors such as climatic conditions, policy changes, or global market shifts, which can also influence agricultural prices. Additionally, while the models successfully captured linear and nonlinear patterns, further refinement of these models could be explored to account for more complex interactions. Looking ahead, future research could expand the application of wavelet-based models to other agricultural commodities and regions, enhancing the generalizability of the approach. Additionally, incorporating real-time data and exploring advanced machine learning techniques such as ensemble learning or deep neural networks could further improve the accuracy and reliability of price forecasting models. These developments hold the potential to significantly benefit stakeholders in the agricultural value chain by offering more precise and actionable insights into market trends.
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        Forecasting Groundnut  (Arachis hypogaea L.)  Prices   in Kurnool Market : A  Synergistic Approach Using Machine Learning and Wavelet Analysis             ABSTRACT   Groundnut ( Arachis hypogaea   L.) is a crop of considerable economic and nutritional  significance globally, providing essential nutrients while serving as a vital source of income  for millions of farmers. Accurate forecasting of groundnut prices is crucial for ensuring market  stabilit y and enabling stakeholders in the agricultural sector to make informed decisions  regarding production and marketing.   This research focuses on forecasting groundnut prices ,   specifically in the Kurnool market of Andhra Pradesh. Various advanced forecasting models  were employed, including Wavelet - ARIMA, Wavelet - GARCH, Artificial Neural Networks  (ANN), and a hybrid ARIMA+ANN approach. The analysis was based on secondary price d ata  collected from AGMARKNET, covering the period from 2010 to 2023 ,   i.e 14 years  of  data  (monthly data) .   To evaluate the forecasting models, performance metrics such as Root Mean  Square Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error  (MAPE) were  utilised . These metrics are essential for assessing the accuracy and reliability of  the models in predicting market trends.   Among the models tested, the Wavelet - ARIMA model  proved to be the most effective, exhibiting the lowest error metrics and demonstrating a robust  ability to capture the underlying price dynamics. The findings highlight the potential of the  Wavelet - ARIMA mod el as a reliable forecasting tool, offering valuable insights for farmers,  traders, and policymakers. This research ultimately aims to enhan ce decision - making and  strategic planning within the agricultural sector, contributing to better market outcomes for  groundnut.     Keywords : Groundnut,  Price Forecasting ,   Wavelet Decomposition, Machine Learning,  ARIMA, GARCH, Artificial Neural Networks (ANN)    Introduction       Groundnut ( Arachis hypogaea  L . ) is a  vital crop in global agriculture, serving as an  essential source of protein and healthy fats  while contributing to soil fertility and food  security. Its significance spans human  consumption and industrial applications,  driving an ever - increasing dem and.       Present address:   1 M.Sc. 2nd Year Student  (sham eemshaikstat @gmail.com), Department of  Statistics and Computer Applications, S.V.  Agricultural College, Tirupati,  ANGRAU ,  Andhra Pradesh, India.   2 M.Sc. 2nd Year Student  ( himaja stat@gmail.com), Department of  Statistics and Computer Applications, S.V.  Agricultural College, Tirupati,   ANGRAU ,  Andhra Pradesh, India.   3 Assistant Professor   ( p.lavanyakumari@angrau.ac.in ), Department of  Statistics and Computer Applications,  ANGRAU ,  Andhra Pradesh, India .   This growing demand necessitates accurate  price forecasting, which plays a crucial role in  managing agricultural risks, ensuring market  stability, and enabling informed decision - making for farmers, traders, and  policymakers.   The Kurnool market in Andhra  Pradesh, renowned as one of India’s pivotal  agricultural hubs, is particularly notorious for  price volatility, which presents significant  challenges for various stakeholders, including  farmers, traders, and policy - makers.  Addre ssing this unpredictability necessitates  the development of advanced forecasting  models that can effectively capture the 

