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 Agriculture is the major occupation for the people of Himachal Pradesh. 

The apple is Himachal Pradesh's important fruit crop, accounting for 

almost 49% of the total area under fruit crops and 85% of total fruit 

production. Various price series models viz. HWMS, ARIMA, TDNN 

and Hybrid ARIMA-TDNN models were tried to price series of apple 

for Solan Market for study period from January 2008 to December 2020. 

Best model is selected based on lowest RMSE value. Key results show 

that Hybrid ARIMA-TDNN models were performs comparatively well 

over other models for forecasting of apple prices. 

 

 

 

   

 

This work is licensed under a Creative Commons Attribution Non-Commercial 4.0 

International License. 

 

 

1. INTRODUCTION 

Agriculture is the major occupation for the people of Himachal Pradesh. There exist wide variations in 

cultivable land area, changes of area under different crops, availability of irrigation facility, application of 

agricultural inputs etc. between different markets of the state. In addition to that, the geographical location 

being different, natural factors like rainfall, landslides, flash floods etc. behave differently in different 

markets. Due to different geographical situations, the importances of crops are also different from markets 

to markets. In the festival seasons, demand for commodities goes up. Similarly, seasonal variation in supply 

and demand also influences the flow of the commodities. Increasing trend of population also has a direct 

linkage with the total availability, supply and demand of consumable commodities to a considerable extent. 

Transportation to the state is a costly affair due to its geographical situation. Within the state also 

infrastructure on road transportation is neither up to the mark nor uniform among the markets. Transport 

network has to suffer a lot during rainfall, snowfall and landslides, causing many disturbances to supply of 
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essential commodities. All these factors play a crucial role in fixing the prices of the commodities in 

different places and cause spatial variation in the prices within the state. 

 

Prediction of prices was necessary for taking up policy measures. Complex models like various time series 

models were found important to predict accurate prices. 

 

2. Materials and Methods 

Data collected from secondary sources relating to prices of apple for the period 2008-2020 from 

AGMARKNET. The data from January 2008 to December 2019 were used for model establishment. 

January 2020 to December 2020 were used to test the forecasting performance of the models. 

 

The statistical software’s namely, R, EVIEWS and EXCEL utilized for statistical analysis. 

 

2.1 HWMS 

In the present study, Holt-Winters’ Multiplicative Seasonal (HWMS) model was used. It considers both 

trend and seasonal component. The basic equations for HWMS model are given below: 

 

Level: Lt = α 
Yt

St−12
 + (1- α)(Lt-1 + bt-1) 

Trend: bt = β (Lt –Lt-1) + (1-β) bt-1 

Seasonal: St = γ 
Yt

Lt
  + (1- γ)St−s 

Forecast: Ft+m = (Lt + bt m) St-s+m 

 

Here’s is the length of seasonality. For monthly data, s = 12, Lt is the level of TS at time t, bt is the estimate 

of Trend (slope) of the series at time t. St is the seasonal component at time t. Ft+m is the forecast for m 

periods ahead of t. α, β and γ are the smoothing constants, each taking the values between 0 and 1. The 

combination of α, β and γ which yields minimum RMSE value was selected. 

 

2.2 ARIMA 

Autoregressive Integrated Moving Average process (ARIMA) is linear model of price series analysis. 

Unlike the regression models, the ARIMA model involves vt to be explained by its lagged values and error 

terms. It is given by: 

 

If ɸ(B)(1-B)d yt = ɵ(B)εt  

Then, 
yt=ɸ1 yt-1 + ɸ2 yt-2 + ...+ɸp yt-p+εt-ɵ1 εt-1- ɵ2 εt-2 -…- ɵq εt-q 

εt = error term 

yt = price series term 

 

ARIMA model is explained by (p, d, q) where p is the number of autoregressive terms, q is number of 

moving average terms and d is number of times a series must be differenced to attain stationarity. 

Stationarity is checked through the Augmented Dickey Fuller (ADF) test. Autocorrelation is examined by 

Ljung-Box test for model efficacy. 

http://www.shin-norinco.com/
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2.3 TDNN 

Time Delay Neural Network (TDNN) is non-linear model of price series analysis. The learning rate and 

momentum term are user defined parameters known as tuning parameters of network. The learning rate is 

set to be smaller amount to avoid divergence. Though, there are no set rules for constant learning rates and 

momentum term, typically which lies between 0 and 1. Generally learning rate and momentum terms are 

defined in such a way that the error of the network is very low. After generation of final weights the final 

output is obtained by equation given by, 

 

yt = α0 + ∑ αj

q

j=1
g(β

0j
+ ∑ β

ij
yt−p) + εt

p

i=1
 

 

Here, j(j=0,1,..q), ij(i=0,1,..p; j=0,1,..q) are the weights and 0, 0j are bias, εt is error term. 

 

 
Figure 1: Time Delay Neural Network 

 

2.4 Hybrid ARIMA-TDNN model 

The hybrid method considers the time series yt as a combination of both linear and non-linear components. 

This approach follows the Zhang’s (2003) hybrid approach, accordingly the relationship between linear and 

nonlinear components is expressed as follows     yt = Lt + Nt 

 

Where, Lt and Nt represents the linear and nonlinear component respectively.  

 

In this work, the linear part is modeled using ARIMA model and non-linear part by TDNN. The 

methodology consists of three steps. Firstly, an ARIMA model was employed to fit the linear component. 

Let the prediction series provided by ARIMA model denoted as 𝐿�̂� . In the second step, the residuals (et = yt 

- 𝐿�̂�  ) obtained from ARIMA model are tested for non-linearity by utilizing Brock-Dechert-Scheinkman 

(BDS) test (Brock 1996), once the residuals confirm the non-linearity, then they were modeled and 

predicted using TDNN. Finally, the forecasted linear and nonlinear components were combined to generate 

aggregate forecast. 

 

𝑦�̂� = 𝐿�̂� + 𝑁�̂� 
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Where, 𝐿�̂�  and 𝑁�̂�  represents the predicted linear and nonlinear component respectively. The graphical 

representation of hybrid methodology is expressed in the figure 

 

 
Figure 2: Schematic representation of ARIMA-TDNN Hybrid Methodology 

 

3. Result and Discussion 

For any time series model establishment, stationarity was a primary step. The price data collected from 

Solan market on apple commodity exhibit non-stationarity due presence of trend and seasonality in the data, 

differencing was required to attain stationarity. According to figures of Augmented Dickey-Fuller unit root 

test, apple commodity for Solan market was stationary at first difference. 

 

Table 1: Augmented dickey fuller unit root test for apple in Solan 

Market Level 1st Difference 

Solan -0.46(0.51) -3.35**(0.00) 

*figures in the parenthesis are p-value 

 

The initial stage in ARIMA forecasting was identification of tentative model, which was determined from 

auto-correlation (ACF) and partial auto-correlation graph (PACF). Apple time series plots for Solan market 

are given in Figure 3. After differencing the data, best fitted models according to observed ACF and PACF 

of the stationary data are given in the Table 2. Minimum Akaike Information Criteria (AIC) was found for 

ARIMA model (1,1,3). Parameter estimates along with corresponding standard error for selected (1,1,3) 

model was presented in the Table 3. Table 4 shows the results of Ljung-Box test which indicates the 

absence of autocorrelation for residuals of ARIMA (1,1,3). Absence of auto correlation for residuals of 

ARIMA (1,1,3) can be seen in the Figure 4 also. Absence of auto-correlation in residuals is requisite for 

best fitted model. 

 

http://www.shin-norinco.com/
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Figure 3: Time Series Plots of Apple Price in Solan market 

 

 
Figure 4: Residual Time Series Plot of Apple Price in Solan Market 

 

Table 2: Identification of the ARIMA (p,1,q) model for apple price series of Solan market 

ARIMA Model AIC 

(0,1,0) 2367.15 

(1,1,0) 2365.68 

(0,1,1) 2366.45 

(1,1,1) 2367.18 

(1,1,2) 2367.03 

(2,1,1) 2367.31 

(2,1,2) 2357.68 

(3,1,2) 2367.15 

(1,1,3) 2354.61 

(1,1,4) 2356.21 

(2,1,4) 2358.21 

 

Table 3: Parameter estimation of ARIMA (1, 1, 3) by maximum likelihood estimation method for apple 

price series of Solan market 

Parameter AR1 MA1 MA2 MA3 

Estimate 0.61 -0.92 0.22 -0.23 
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SE 0.13 0.14 0.12 0.09 

 

Table 4: Ljung-box autocorrelation test of ARIMA residual for apple price series of Solan market 

Statistic 10.62 

p-value 0.10 

 

Presence of non-linearity in price data of apple for Solan market is pre-requisite for construction of Time 

Delay Neural Network (TDNN). It is confirmed from Brock-Dechert-Scheinkman test (BDS) that data is 

non-linear in nature (Table 5). According to minimum training RMSE, six Time Delay Neural Network 

(TDNN) models namely (4-4-1), (4-5-1), (4-6-1), (4-7-1), (4-8-1), (4-9-1) were chosen (Table 6). Out of 

these six, (4-5-1) TDNN model was selected because of lowest RMSE value in testing data set. Ljung-Box 

test shows the absence of autocorrelation for residuals obtained from (4-5-1) TDNN model (Table 7). Out 

of 22 neural network structures, a chosen TDNN model with four tapped delay, five hidden nodes (4-5-1) 

was chosen for forecasting of apple price series in Solan market. 

 

Table 5: Non linearity testing for apple price series of Solan market 

Parameter 
Dimension (m=2) Dimension (m=3) 

Statistic Probability Statistic Probability 

1436.98 22.34 0.00 27.06 0.00 

2873.97 14.32 0.00 14.82 0.00 

4310.95 12.84 0.00 12.52 0.00 

5747.94 12.46 0.00 11.69 0.00 

 

Table 6: Forecasting performance of TDNN model for apple price series of Solan market 

Dataset Training Testing 

Model RMSE 

4-1-1 1859.09 2136.33 

4-2-1 1627.95 1263.11 

4-3-1 1475.19 1538.51 

4-4-1 1324.58 1310.44 

4-5-1 1137.71 1176.45 

4-6-1 1037.18 1428.33 

4-7-1 893.21 2889.62 

4-8-1 817.81 1836.15 

4-9-1 312.96 3981.25 

 

Table 7: Ljung-box autocorrelation test of TDNN residual for apple price series of Solan market 

Statistic 0.000015 

p-value 0.9969 

 

As mentioned in the hybrid methods in the above section, the BDS test (Table 8) was performed on 

residuals produced from ARIMA (1,1,3) of apple price series, which depicts that ARIMA model residuals 

were non linear. After confirmation of non linearity presence in ARIMA (1,1,3) residuals, non linear 

models were used to predict. In this study, the non-linear model TDNN were applied to model and forecast 

ARIMA residuals. The residuals fitted from TDNN were mixed with the ARIMA models forecast to obtain 

http://www.shin-norinco.com/
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the hybrid model. 

 

Table 8: Non linearity testing for ARIMA residuals of apple price series of Solan market 

Parameter 
Dimension (m=2) 

Statistic Probability 

921.61 5.56 0.00 

1843.23 4.96 0.00 

2764.84 3.32 0.00 

3686.46 2.56 0.01 

 

For apple time series data of Solan market, the Holt-Winters Multiplicative Seasonal (HWMS) model was 

selected among various exponential smoothing models like SES, DES, HWAS and HWMS. The parameter 

estimates along with AIC for HWMS model were given in Table 9. Finally, Root Mean Square Error 

(RMSE) was used to compare the performance of forecasting of all the models viz, HWMS, ARIMA, 

TDNN and Hybrid models. 

 

Table 9: Parameter estimation of Holts-Winters for apple price series of Solan market 

Parameter Alpha Beta Gamma AIC 

Estimate 0.6930 0.0001 0.0001 2620.66 

 

Table 10: Model performance of apple price series for training data set of Solan market 

Criteria HWMS ARIMA TDNN Hybrid 

RMSE 1566.45 1849.08 1137.71 1058.08 

 

Table 11: Model performance of apple price series for testing data set of Solan market 

Criteria HWMS ARIMA TDNN Hybrid 

RMSE 3098.65 1869.05 1176.45 19.78 

 

Based on RMSE values of both training (Table 10) and testing (Table 11) data set, it is interpreted that 

hybrid model (which consists of both ARIMA and TDNN) performed better than remaining selected 

models. High RMSE value was found in HWMS which shows that it was least preferred model for 

forecasting of apple price series at Solan market. It is also observed from Table 12 that forecasting values 

obtained for year 2020 were closer to actual values for both TDNN and Hybrid model as compared to 

ARIMA and HWMS. The reason for this could be the non-linear machine learning tools were capable to 

capture more information as compare to ARIMA and HWMS. 

 

Table 12: Forecasting of apple price of Solan market for monthwise 2020 through all models 

Models Actual HWMS ARIMA TDNN Hybrid 

Jan-20 5320.00 8295.17 7533.97 5015.23 5347.83 

Feb-20 5214.29 8984.90 7534.94 5105.09 5229.11 

Mar-20 5335.29 9936.37 7535.53 5322.38 5329.42 

Apr-20 6219.23 10867.70 7535.89 5898.49 6218.71 

May-20 6650.00 11416.13 7536.10 6317.04 6649.78 

Jun-20 6125.00 12057.93 7536.23 6450.27 6141.94 

Jul-20 6625.00 8148.07 7536.31 7235.43 6634.82 
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Aug-20 6000.00 8409.15 7536.36 7075.67 5999.78 

Sep-20 5124.14 7865.55 7536.39 6823.23 5124.15 

Oct-20 4821.43 8058.21 7536.41 6049.21 4821.07 

Nov-20 4907.41 8631.28 7536.42 6019.21 4908.12 

Dec-20 5666.67 9090.48 7536.43 5028.25 5630.49 

 

4. Conclusion 

When a time series has both linear and non-linear characteristics, the traditional linear time series models 

may not be suitable. As a result, the hybrid technique, which mixes linear and non-linear models, may be a 

useful strategy for enhancing the accuracy of forecasting. A key result obtained from this study is Hybrid 

ARIMA-TDNN model was performs comparatively well over other models for forecasting of apple prices. 

This finding also helps the state government to make policies with regard to relative price and also to 

establish relations with other neighbor states of the country by making proper export plan based on price 

variation in future. 
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