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Abstract 

Accurate forecasting of agricultural commodity prices is essential for informed decision-making by 

farmers, traders and policymakers. This study applies Structural Time Series Modelling (STSM) via 

state-space representation to analyse and forecast monthly groundnut prices across three major APMC 

markets in Gujarat Gondal, Rajkot and Deesa using monthly data spanning 2001 to 2023 obtained from 

the AGMARKNET portal. The Local Linear Trend Model with stochastic cyclical and seasonal 

components (TCM framework) provided the best fit across all markets, with hyperparameters estimated 

by the Kalman filter through prediction error decomposition. A comprehensive suite of goodness-of-fit 

criteria including AIC, SBC, AICC, MSE, RMSE, MAE, MAPE and R² was employed for model 

evaluation and selection. MAPE values below 7% and R² ≥ 0.86 confirmed adequate model fit in all 

markets. Significance tests revealed highly significant level and slope components (p< 0.0001) in all 

three markets confirming a persistent secular upward price trend; seasonal components were universally 

significant; cyclical effects were significant only in the Gondal market. Deesa emerged as the most 

remunerative market (mean price ₹4391.70/q; CV = 23.46%) with the steepest long-term slope (₹20.67/q 

per month). Post-sample validation and out-of-sample projections for 2024 indicate continued price 

appreciation in all three markets. Findings offer actionable guidance for marketing decisions, 

procurement planning and agricultural price policy in Gujarat's oilseed sector. 

 

Keywords: Structural time series, Kalman filter, price forecasting, groundnut, Gujarat, agmarknet, 

goodness-of-fit, STSM 

 

Introduction 

India is the world's largest producer of oilseeds. The oilseed sector ranks second only to food 

grains in cultivated area, production volume and economic value. India is simultaneously the 

world's largest consumer of edible oils and the leading importer primarily from Malaysia and 

Indonesia and ranks fourth globally in oilseed production after Brazil, Argentina and China. 

Edible oilseed crops (groundnut, mustard, sunflower, soybean) and industrial non-edible 

oilseed crops (castor) together constitute a strategically critical segment of Indian agriculture. 

Gujarat is a leading oilseed-producing state in India. Five oilseed crops groundnut (59%), 

castor (22%), sesamum (6%), mustard (8%) and soybean (5%) together account for over 85% 

of the state's total oilseed area. Gujarat ranked third nationally with a production of 72.78 lakh 

tonnes in 2019-20 (Anon., 2024, 2025) [4]. 

Agricultural commodity prices are inherently volatile, driven by seasonal supply variations, 

low demand-price elasticities and sensitivity to weather events and policy interventions. 

Reliable price forecasts are vital for farmers planning sales timing, traders making hedging 

decisions, and policymakers calibrating minimum support prices (MSP) and import tariffs. 

Classical ARIMA modelling requires stationarity and cannot decompose a series into 

interpretable structural components. Structural Time Series Modelling (STSM), developed by 

Harvey (1989, 1996), overcomes these limitations by decomposing price series into 

stochastically evolving trend, seasonal, cyclical and irregular components within a state-space 

framework estimated via the Kalman filter. 
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STSM is superior to ARIMA for agricultural price forecasting 

(Andrews, 1994; Ravichandran and Prajneshu, 2002; 

Ariyawansha et al., 2020) [3, 11, 5]. Despite these advantages, 

applications of STSM to Indian oilseed price forecasting 

remain limited. The present study therefore applies STSM to 

forecast monthly groundnut prices in the Gondal, Rajkot and 

Deesa markets of Gujarat, with two objectives: (i) to develop 

the best-fitting STSM for groundnut prices using a 

comprehensive goodness-of-fit assessment; and (ii) to 

generate validated out-of-sample forecasts. 

 

Materials and Methods 

Selection of Crops and Markets 

Monthly modal price data for oilseed crops grown in Gujarat 

were collected from the Agricultural Marketing Information 

Network portal (AGMARKNET; https://agmarknet.gov.in). 

Three oilseed crops groundnut was selected based on their 

percent share of total oilseed area in Gujarat over the last 

decade. For each crop, markets were selected on the basis of 

highest arrival volumes and longest continuous data 

availability, as summarised in Table 1. For the present paper, 

analysis focuses on groundnut. Data were partitioned into an 

estimation set (up to December 2022) and a post-sample 

validation set (January-December 2023). 

 
Table 1: Data availability for the selected oilseed crops and markets 

 

Crop Name Market Name Data Availability 

Groundnut 

Gondal Nov-2001 to Dec-2023 

Rajkot Feb-2003 to Dec-2023 

Deesa Jun-2009 to Dec-2023 

Source: http://agmarknet.gov.in/ 
 

Structural Time Series Model Framework 

A structural time series model (STSM) represents an observed 

price series Yₜ as the additive sum of interpretable unobserved 

components: 

 

𝑌𝑡 = 𝑇𝑡 + 𝑆𝑡 + 𝐶𝑡 + 𝜀𝑡 

 

where Tₜ is the trend, Sₜ the seasonal, Cₜ the cyclical 

component, and εₜ ~ i.i.d. N (0, σ²ε) the irregular disturbance. 

All components evolve stochastically and are estimated 

simultaneously in state-space form via the Kalman filter. 

Hyperparameters (component variances) are obtained by 

maximum likelihood via prediction error decomposition 

(Shumway and Stoffer, 2000; De Jong, 1988) [15, 7]. 

 

Goodness-of-Fit Criteria 

Model selection and evaluation employed a comprehensive 

suite of eight criteria drawn from the thesis methodology 

When models have equal numbers of hyperparameters, 

Prediction Error Variance (PEV) is used; otherwise, 

information criteria are preferred. 

 

Akaike Information Criterion (AIC) 

AIC (Akaike, 1974) [2] penalises log-likelihood by the number 

of hyperparameters n: 

 

AIC =  −2 Logc + 2n  

 

Lower AIC indicates a better-fitting, more parsimonious 

model. 

 

Schwarz-Bayes Information Criterion (SBC): SBC 

(Schwarz, 1978) [13] applies a stronger penalty for n, scaled by 

sample size T: 

SEB =  −2Logc + n LogcT  

 

SBC is more conservative than AIC and is preferred for larger 

samples. 

 

Mean Absolute Percentage Error (MAPE) 

MAPE measures the average percentage deviation from actual 

values, enabling scale-free comparisons across markets and 

time periods: 

 

MAPE =  (
1

n
∑

|Yt−Yt̂|

Yt
) ∗ 100  

 

A MAPE below 10% is generally considered commercially 

acceptable for agricultural price forecasting. 

 

Coefficient of Determination (R²) 

R² quantifies the proportion of total variance in the price 

series explained by the fitted model: 

 

R2 = 1 −
𝐸𝑆𝑆

𝑇𝑆𝑆
  

 

where ESS is the Error Sum of Squares and TSS is the Total 

Sum of Squares. Values closer to 1 indicate a better fit. 

 

Adjusted R² 

Adjusted R² accounts for the number of explanatory variables 

p and total observations N, penalising over-parameterised 

models: 

 

Adj. R2 = 1 −
(n−1)ESS

(n−p−1) TSS
  

 

It increases only when a new predictor genuinely improves 

model fit beyond chance expectation. 

 

Results and Discussion 

Descriptive Statistics 

Table 2 presents summary statistics of monthly groundnut 

prices across the three markets. Deesa recorded the highest 

mean price (₹4391.70/q) coupled with the lowest coefficient 

of variation (CV = 23.46%), reflecting a more stable and 

remunerative market environment. Gondal exhibited the 

greatest price volatility (CV = 39.83%), while Rajkot showed 

an intermediate CV of 37.38%. All three markets displayed an 

unambiguous long-term upward price trend, consistent with 

Vekariya et al. (2020) [16] and Darekar and Reddy (2017) [6]. 

Differences in price variability reflect localised supply-

demand dynamics, market infrastructure and proximity to 

major consumption centres (Acharya et al., 2012) [1]. 

 
Table 2: Descriptive statistics of monthly groundnut prices (₹/q) across Gondal, Rajkot and Deesa markets 

 

Market Start N Min (₹/q) Max (₹/q) Mean (₹/q) SD (₹/q) 

Gondal Nov-2001 254 1373.40 7609.55 3807.21 1516.29 (CV=39.83%) 

Rajkot Feb-2003 239 1565.25 6862.73 3549.33 1326.79 (CV=37.38%) 

Deesa Jun-2009 163 2376.81 6525.00 4391.70 1030.47 (CV=23.46%) 

Note: SD = Standard Deviation; CV = Coefficient of Variation (in parentheses); N = No. of observations 

https://www.mathsjournal.com/
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Model Selection and Goodness-of-Fit: Table 3 presents the 

comprehensive goodness-of-fit statistics for the selected 

STSM across all three markets. The Trend Plus Cycle Model 

(TCM)—a Local Linear Trend Model with seasonal and 

explicit stochastic cyclical components—provided the best fit 

in all markets based on simultaneously minimum AIC, SBC 

and AICC. The MAPE values were below 7% across all 

markets, indicating commercially acceptable forecasting 

accuracy, with Rajkot achieving the lowest MAPE (4.57%). 

R² and Adjusted R² of 0.96 for both Gondal and Rajkot 

indicate that the model explains 96% of price variability in 

these markets. The somewhat lower R² of 0.86 for Deesa 

suggests comparatively greater  

Residual market-specific noise. The AIC values reported here 

(2221.50-3438.60) are substantially below those reported by 

Selukar (2009) [14] for a comparable SAS-based STSM study 

(AIC = 5314.22), demonstrating markedly improved model 

parsimony. RMSE values (247-344 ₹/q) are well within the 

price range, confirming adequate in-sample fit across all 

markets. 

 
Table 3: Comprehensive goodness-of-fit statistics for STSM fitted to 

monthly groundnut prices in Gondal, Rajkot and Deesa markets 
 

Criterion Gondal Rajkot Deesa 

Full Log Likelihood -1714 -1588 -1106 

AIC = -2logL + 2n 3438.60 3185.50 2221.50 

SBC = -2logL + n·log(T) 3456.00 3202.60 2236.60 

AICC (Corrected AIC) 3438.90 3185.70 2221.90 

MSE 75,181 61,231 1,18,316 

RMSE 274.19 247.44 343.97 

MAE 209.47 187.22 275.63 

MAPE (%) 5.02 4.57 6.08 

Max. Percent Error (%) 21.63 16.37 32.33 

R² 0.96 0.96 0.86 

Adjusted R² 0.96 0.96 0.86 

Note: AIC = Akaike Information Criterion; SBC = Schwarz-Bayes 

Criterion; AICC = Corrected AIC; MSE = Mean Squared Error; 

RMSE = Root MSE; MAE = Mean Absolute Error; MAPE = Mean 

Absolute Percentage Error (lower is better for all except R² and Adj. 

R²); — = not applicable 
 

Significance Tests of Structural Components 

Table 4 presents chi-square significance tests for each 

structural component based on the final state of the fitted 

model. The irregular component was statistically insignificant 

in all markets (p> 0.99), confirming that random shocks 

contribute negligibly to groundnut price dynamics. The level 

and slope were highly significant (p< 0.0001) in all three 

markets, underscoring the primacy of the long-term trend in 

governing price behaviour. The seasonal component was 

significant in Gondal (p< 0.0001), Rajkot (p< 0.0001) and 

Deesa (p = 0.0014), reflecting pronounced harvest-linked 

price seasonality. The cyclical component was statistically 

significant only in Gondal (p = 0.0084) and insignificant in 

Rajkot and Deesa, a finding consistent with Gondal's longer 

price history and greater market depth sustaining medium-

term price cycles. 

 
Table 4: Chi-square significance tests of structural components from 

the final state of STSM for groundnut prices 
 

Component DF χ² Stat. Pr > χ² χ² Stat. Pr > χ² χ² Stat. Pr > χ² 

 Gondal Market Rajkot Market Deesa Market 

Irregular 1 0.00 0.9999 0.00 0.9998 0.00 0.9997 

Level 1 302.78 <0.0001 362.64 <0.0001 141.15 <0.0001 

Slope 1 60.48 <0.0001 63.95 <0.0001 15.51 <0.0001 

Cycle 2 9.57 0.0084 3.92 0.1407 1.53 0.4645 

Season 11 53.28 <0.0001 38.16 <0.0001 30.25 0.0014 

Note: DF = Degrees of Freedom; Pr > χ² = probability value. ** p< 

0.01; * p< 0.05; ns = not significant. 
 

Trend Component Estimates 

Table 5 presents the final-state level and slope estimates from 

the fitted STSM for each market. Gondal recorded the 

highest-level estimate (₹6213.14/q), followed by Deesa 

(₹6066.87/q) and Rajkot (₹5596.36/q). All slope estimates 

were positive and highly significant at the 1% level (p< 0.01), 

confirming a persistent secular upward trend in groundnut 

prices in all three markets. Deesa exhibited the steepest slope 

(₹20.67/q per month; t = 3.93), indicating the fastest long-

term price appreciation, while Rajkot's slope (₹16.95/q per 

month; t = 8.03) was the most precisely estimated, reflecting 

the lowest relative standard error. 

 
Table 5: Final-state level and slope estimates (trend components) from STSM for groundnut prices in Gondal, Rajkot and Deesa markets 

 

Component 
Gondal Market Rajkot Market Deesa Market 

Estimate (₹) Std. Error t-Value Estimate (₹) Std. Error t-Value Estimate (₹) Std. Error t-Value 

Level  6213.14 357.10 17.40** 5596.36 293.90 19.03** 6066.87 510.60 11.88** 

Slope  18.86 2.42 7.79** 16.95 2.11 8.03** 20.67 5.26 3.93** 

Note: ** significant at 1% level (p< 0.01). Std. Error = Standard Error of the estimate 
 

Market Performance Comparison 

Table 6 consolidates key market performance indicators 

across all three markets. Deesa stands out as the most 

remunerative market (highest mean price, lowest CV, steepest 

slope), but shows slightly weaker short-term predictability 

(MAPE = 6.08%, R² = 0.86). Rajkot offers the best 

forecasting precision (MAPE = 4.57%, R² = 0.96) and is the 

most suitable market for price-based analytical decision 

models. Gondal presents intermediate characteristics across 

all indicators, with the highest price variability among the 

three. 

 
Table 6: Comparative performance summary of groundnut markets in Gujarat 

 

Indicator Gondal Rajkot Deesa 

Mean Price (₹/q) 3807.21 3549.33 4391.70 

Std. Deviation (₹/q) 1516.29 1326.79 1030.47 

CV (%) 39.83 37.38 23.46 

MAPE (%) 5.02 4.57 6.08 

R² (Model Fit) 0.96 0.96 0.86 

Slope (₹/q/month) 18.86 16.95 20.67 

Level Final State (₹/q) 6213.14 5596.36 6066.87 
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Price Decomposition 

Smoothed trend component plots across all three markets 

revealed a consistent long-term upward trajectory, particularly 

pronounced after 2012, driven by rising input costs, 

increasing MSP and growing domestic demand for edible oils. 

The seasonal component captured systematic intra-annual 

price cycles: prices typically decline post-harvest (October-

December) and recover progressively during the lean season 

(March-September), creating predictable seasonal arbitrage 

opportunities for traders and staggered-sales strategies for 

farmers. 

The cyclical component in Gondal demonstrated medium-

term oscillations with amplitude reflecting periodic supply-

demand mismatches induced by monsoon variability and 

export-import policy changes. The TCM's combined trend-

cycle-seasonal structure closely replicated observed price 

series across the entire estimation period, confirming that 

STSM successfully captures the essential dynamics of 

groundnut price formation (Harvey and Trimbur, 2003; 

Ravichandran et al., 2002) [9, 11]. 

 

Post-Sample Validation and 2024 Price Outlook 

Post-sample validation for January-December 2023 showed 

that forecast errors ranged from -2.93% to -13.25% in Gondal, 

-8.76% to -19.19% in Rajkot, and -6.93% to +5.83% in 

Deesa. The predominantly negative errors reflect a systematic 

tendency of the model to underestimate the post-pandemic 

price surge common across all agricultural commodities. 

Despite this directional bias, all forecast errors remained 

within the commercially acceptable range for agricultural 

price forecasting. Out-of-sample projections for January-

December 2024 indicate sustained upward price movements: 

Gondal averaging approximately ₹6700/q, Rajkot 

approximately ₹5955/q and Deesa approximately ₹6620/q, 

with widening 95% confidence intervals over the forecast 

horizon as expected from the theoretical properties of STSM 

(Durbin and Koopman, 2012; Koopman and Harvey, 2003) [8, 

9]. 

 

Conclusion 

This study applied Structural Time Series Modelling (STSM) 

within a state-space framework to analyse and forecast 

monthly groundnut prices in the Gondal, Rajkot and Deesa 

markets of Gujarat. Based on a comprehensive evaluation 

using eight goodness-of-fit criteria (AIC, SBC, AICC, MSE, 

RMSE, MAE, MAPE and R²), Deesa emerged as the most 

stable and remunerative market with the highest mean price 

(₹4391.70/q) and lowest coefficient of variation (23.46%), 

whereas Gondal and Rajkot exhibited greater price volatility. 

Among the competing models, the Trend-Cycle Model 

(TCM), incorporating local linear trend, seasonal and cyclical 

components, consistently provided the best fit across all 

markets, highlighting the importance of capturing both trend 

and cyclical behaviour in oilseed price series. Forecast 

accuracy was satisfactory for all models (MAPE < 7% and R² 

≥ 0.86), with Rajkot showing the highest predictability 

(MAPE = 4.57%; R² = 0.96). The level and slope components 

were highly significant (p< 0.0001) across markets, indicating 

a persistent upward price trend, while seasonal effects were 

significant in all markets and cyclical effects were significant 

only in Gondal, reflecting its greater market depth. Deesa 

recorded the highest long-term rate of price increase 

(₹20.67/q/month; t = 3.93, p< 0.01), and all slope estimates 

were significant at the 1% level. Out-of-sample forecasts for 

2024 projected continued price appreciation in Gondal 

(₹6700/q), Rajkot (₹5955/q) and Deesa (₹6620/q), with 

widening confidence intervals over time. The findings 

demonstrate that STSM can provide valuable decision support 

for farmers, traders and policymakers by improving harvest-

timing decisions, inter-market price arbitrage strategies and 

policy interventions such as MSP announcements and import 

duty adjustments. Future research may extend the framework 

by incorporating explanatory variables such as rainfall, crude 

oil prices and exchange rates. 
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