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Abstract. Food waste significantly contributes to global greenhouse gas 

emissions, water and air pollution, and socio-economic issues, including in Bali 

Province. In Bali, increased tourism correlates with population growth and a rise 

in organic waste, reaching up to 59.10% of total waste. This is largely dominated 

by imported fruits such as apples, oranges, pears, and grapes, which are also used 

for religious ceremonies. To mitigate imported fruit waste, limiting imports based 

on accurate demand forecasting is crucial. Traditional methods like 

Autoregressive Integrated Moving Average (ARIMA) exhibit limitations in 

modeling complex non-linear and seasonal patterns, particularly given the 

fluctuating apple consumption in Bali. Conversely, the Long Short-Term 

Memory (LSTM) algorithm, a deep learning approach, demonstrates superior 

capability in capturing linear, non-linear, and dynamic data patterns. This 

research compares the performance of ARIMA and LSTM models for predicting 

apple transaction data, evaluating them using the Root Mean Square Error 

(RMSE) and Mean Absolute Percentage Error (MAPE). The aim is to facilitate 

more precise apple import projections, thereby reducing waste. The results of the 

research confirmed that the ARIMA method was found to be superior in 

computational efficiency compared to LSTM, as it required no repeated training 

iterations. In contrast, LSTM required 25 iterations, making the computation time 

longer. However, LSTM showed higher accuracy with a MAPE value of 56.58% 

and RMSE of 28.93, though the difference in RMSE was insignificant compared 

to ARIMA (28.84), as both algorithms failed to capture the trend of sales spikes 

during holidays. 
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1 Introduction 

Food waste has globally brought a significant impact on greenhouse emissions (Urugo 

et al., 2024). As released by the Food and Agriculture Organization (FAO), food waste 

accounts for about one-third of total food production worldwide, or equivalent to 1.3 

billion tonnes of food. In addition to increasing greenhouse emissions, food waste also 

has some impacts on water cleanliness and air pollution. Moreover, it takes up a large 

amount of land. Food waste also impacts local economies and social issues. The cost 

of producing, transporting , and disposing of wasted food is an additional burden for  
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both the government and society in Bali Province, without exception (Lipinski et al., 

2013). 

Bali Province is one of the provinces with the largest regional income from tourism. 

Increasing tourism growth rate in one of Bali’s regencies is associated with higher 

population growth, thereby producing a greater waste level (Ratnawati et al., 2022). 

This can also not be apart from the increase in the amount of organic waste to 59.10% 

of the total waste produced (Widyarsana I Made Wahyu et al., 2020). Fruits dominate 

organic waste in Bali Province. The study by Maheswari et al. (2022) showed that the 

widely circulated fruits in Bali’s traditional markets include Fuji apple, orange, pear, 

and grape, which are imported from abroad. In addition to consumption, these fruits are 

commonly used in religious activities. 

How to manage food waste in the retail industry. One way to manage organic waste 

from imported fruits is to limit their import in consideration of their needs. Forecasting 

in waste management is critical in predicting the demand for fruits, especially apples, 

purposely to determine the number of imported fruits to reduce organic waste (Muleta, 

2021). A time series model is one common forecasting method using a statistical 

approach, such as Autoregressive Integrated Moving Average (ARIMA), which is 

proven to be accurate in projecting the number of forecasts for a trend or pattern in the 

future (Muleta, 2021). The Autoregressive Integrated Moving Average (ARIMA) 

model is a classic method for forecasting based upon a statistical approach. However, 

it has some limitations in modelling non-linear relationships and complex seasonal 

patterns. 

In Bali Province, the apple consumption level fluctuates significantly, making it 

challenging to forecast seasonal consumption patterns. In this province, apple fruit is 

not only used for consumption but also as a means of (Wiwin, 2021). This then becomes 

a weakness of the ARIMA model in forecasting apple consumption data, which exhibits 

complex seasonal patterns. In contrast, one of the deep learning algorithms is capable 

of capturing the linear patterns and complex seasonal patterns (Youness & Driss, 2022). 

The Long Short-Term Memory (LSTM) algorithm can learn both non-linear data 

patterns and dynamic period data patterns (Chen et al., 2023). The Long Short-Term 

Memory (LSTM) algorithm is also able to capture the long-term dynamics and time 

dependence of non-stationary data. Therefore, theoretically, the LSTM algorithm has 

more advantages compared to ARIMA in forecasting time series-based data (Li et al., 

2023). 

This study aims to compare two forecasting algorithms, ARIMA and LSTM, for 

forecasting Apple transaction data in the form of a time series. The selection of these 

two algorithms was based on their respective advantages in modelling data with linear 

and non-linear characteristics. Once the forecasting data were obtained, they 

forecasting data were then evaluated using Root Mean Square Error (RMSE) and Mean 

Absolute Percentage Error (MAPE). The forecasting results are expected to help project 

a more targeted number of apple imports. Thus, the number of apples entering Bali 

Province can be adjusted to the actual needs of the community. This effort is expected 

to contribute to reducing the production of organic waste in view of the disproportionate 

stocks of unused apples. 
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2 Methodology 

This research, as illustrated in Figure 1, consisted of five stages in comparing two 

algorithms to obtain forecasting data. The first stage began by obtaining the dataset of 

the Apple retail sales in Bali Province. The dataset then underwent a pre-processing 

stage to confirm data quality, including handling missing data, normalization, and 

transformation into a time series format. Subsequently, the data were predicted using 

two methods: ARIMA as a classical statistical model and LSTM as a deep learning-

based model. The prediction results of both models were then evaluated using metrics 

such as RMSE and MAPE, and analysed to determine the best model to project the 

optimal number of apple imports to reduce the level of organic waste in Bali.  

 

 

Figure 1. The Graph of Actual Data and Forecasting Using the Algorithms of ARIMA and LSTM 

2.1 Dataset 

The dataset used in this research referred to the data of organic food sales at retail stores 

in Bali Province. The data contained a history of daily sales transactions for all 

products, recorded from November 2015 to December 2017. The information available 

in the dataset included transaction date, product name, number of units sold, unit price, 

product category, and total sales value. The dataset was then used as the basis for 

building a time series forecasting model to more accurately predict the demand for 

organic food imports. 

2.2 Data Pre-processing 

The data used in this study were obtained from Apple sales data from retail stores in 

Bali Province, with a time span from November 2015 to December 2017. The data pre-

processing stage began by selecting the columns used for forecasting, which consisted 

of 3 columns: transaction time, item name, and quantity of goods sold. After selecting 

three columns and eliminating unnecessary ones, pre-processing continued by selecting 

products related only to apples. The keyword Apple was used to select transaction rows 

selling Apples and the quantity of Apples sold. As forecasting was done using time 

series, it then required a history of the number of daily Apple transactions. If there were 

no transactions on a particular day, then the quantity data column would be replaced 

with 0. The data pre-processing resulted in a dataset with 3 columns with a total of 791 

rows. 
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2.3 LSTM (Long Short Term Memory) 

LSTM is a deep learning-based algorithm that can be used for data forecasting. The 

Long Short-Term Memory (LSTM) method was selected in this study due to its ability 

to selectively retain both long-term and short-term information, enabling it to capture 

complex patterns in apple sales data in the Province of Bali. The gate structure in LSTM 

allows the model to determine which information is relevant to store or discard, 

improving prediction accuracy for demand fluctuations influenced by seasonal factors 

and trends (Ilu & Prasad, 2023). As demonstrated in previous studies, LSTM can be 

combined with preprocessing techniques such as wavelet transforms to enhance 

forecasting performance on complex time-series data.  

𝑓𝑡  =  𝜎(𝑊𝑓. [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (1) 

The state update process in LSTM is carried out through two critical stages to determine 

which information needs to be retained and updated. The first stage involves using the 

sigmoid function to illuminate and select relevant information from the current input() 

and the previous hidden state. The sigmoid() function produces a value between 0 and 

1, which acts as a gate to control how much new information will be initiated into the 

state. 

𝐶𝑡  =  𝑓𝑡 ⊙ 𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶𝑡 (2) 

The Output Gate in LSTM in the research on Apple sales forecasting in Bali Province 

functions to control what information from the cell state will be output as a hidden state 

(Li & Zhang, 2023), so that only relevant patterns such as seasonal trends or holiday 

spikes are used for prediction. With this mechanism, the model can selectively utilize 

long-term memory (e.g., the effect of the harvest season) while ignoring noise, thereby 

increasing the accuracy of monthly sales forecasting (Kenaan et al., 2024). The Output 

Gate in LSTM in the research on apple sales forecasting in Bali Province functions to 

control what information from the cell state will be output as a hidden state (Li & 

Zhang, 2023), so that only relevant patterns such as seasonal trends or holiday spikes 

are used for prediction. With this mechanism, the model can selectively utilize long-

term memory (e.g., the effect of the harvest season) while ignoring noise, thereby 

increasing the accuracy of monthly sales forecasting. 

2.4 ARIMA (Autoregressive Integrated Moving Averages) 

ARIMA (Autoregressive Integrated Moving Averages) is a statistical-based algorithm 

that can be used for forecasting time series data. The ARIMA (Autoregressive 

Integrated Moving Average) model was chosen in this study as a statistical approach to 

forecast apple sales in the retail industry in Bali Province because of its ability to 

capture linear patterns in time series data. This model combines three main 

components: autoregressive (AR) to utilize historical data relationships, differentiation 

(I) to achieve data stationarity, and moving average (MA) to model random errors 

(Syahrini et al., 2023). 
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𝑞

𝑗=1

)𝜖𝑡 
(3) 

This study conducts a forecasting analysis of apple sales trends in Bali Province, which 

exhibit seasonal patterns. The ARIMA algorithm is employed by modeling various 

combinations of the p, d, and q parameters to determine the most suitable configuration. 

Accordingly, ARIMA provides a mathematical framework for predicting time series 

data characterized by historical patterns and errors, as demonstrated in Equation 3. 

2.5 Evaluation 

The results of apple fruit forecasting in the retail industry in Bali province were in the 

form of time series data. This research employed MAPE and RMSE to assess the 

accuracy of apple sales forecasting in the retail industry of Bali Province. MAPE was 

utilized to measure relative error in percentage, facilitating stakeholder interpretation. 

In contrast, RMSE was used to provide an absolute picture of the description of the 

deviation of the prediction from the actual value. In addition, evaluation using MAPE 

and RMSE also enabled to provide of complementary insights in assessing forecasting 

accuracy (Kramar & Alchakov, 2023). 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝐴𝑖 − 𝐹𝑖

𝐴𝑖
|

𝑛

𝑖=1

 ×  100% 
(4) 

The MAPE method was selected for evaluating the forecasting of apple sales data in 

the retail industry due to its ability to compare time scales. Specifically, this study 

utilized a daily summary of apple sales as the time scale. The method to measure the 

error in percentage using the MAPE method can be seen in Equation 4. The MAPE 

method was also found useful to compare the performance of forecasting results on 

Apple sales summary datasets using the ARIMA and LSTM methods (Kenaan et al., 

2024). 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝐴𝑖 − 𝐹𝑖)2

𝑛

𝑖=1

  

(5) 

In addition to evaluation using the MAPE method, this research used the RMSE method 

to obtain insight from the results of forecasting apple fruit sales data in the retail 

industry in Bali. RMSE was used to measure the error level in the units of data for apple 

fruit forecasting results in Bali Province by giving greater weight to extreme errors 

(Ghareeb et al., 2023). It was also used to identify the average deviation of apple fruit 

forecasting results in each method. The formula of RMSE is presented in Equation (5). 

The larger error value indicated that the forecasting data showed a mismatch with the 

original data. 
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In addition to evaluation using the MAPE method, this research used the RMSE 

method to obtain insight from the results of forecasting apple fruit sales data in the retail 

industry in Bali. RMSE was used to measure the error level in the units of data for apple 

fruit forecasting results in Bali Province by giving greater weight to extreme errors. It 

was also used to identify the average deviation of apple fruit forecasting results in each 

method. The formula of RMSE is presented in Equation (5). The larger error value 

indicated that the forecasting data showed a mismatch with the original data. 

3 Results and Discussion 

3.1 Result 

In this experiment, the researcher compared two different algorithms for forecasting 

apple sales data in the retail industry in Bali Province. The computation for each method 

showed different results. In the ARIMA method, the computation took 6.2 seconds, 

while in the LSTM method it took 371.5 seconds. 

 

 

Figure 2. The Graph of Actual Data and Forecasting Using the Algorithms of ARIMA and LSTM 

As illustrated in Figure 2, blue lines refer to training data, green lines show the actual 

data for the last 60 days, orange lines refer to the prediction data, and red lines are the 

LSTM prediction data. The forecasting data consisted of Apple sales data from the last 

60 days in Bali Province. 
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Table 1. Comparison of RMSE and MAPE Between the ARIMA Method and LSTM Method 

ethod RMSE MAPE 

RIMA 28.84 76.42% 

STM 28.93 56.58% 

Algorithm evaluation was carried out to predict the results of Apple sales forecasting 

data in Bali Province for the last 60 days. To evaluate the forecasting results in the 

ARIMA and LSTM methods, MAPE and RMSE were used. Table 1 presents the 

comparison of MAPE and RMSE between ARIMA and LSTM algorithms. 

3.2 Discussion 

Based on the computational results, the ARIMA method had an advantage over the 

LSTM one. This was related to the LSTM algorithm requiring several iterations to train 

data based on the dataset used. The iteration of the LSTM algorithm performed in this 

study was 25 times. This, consequently, made the computation time of the LSTM 

algorithm longer. 

In contrast to computation time, the evaluation results of the LSTM algorithm using 

the MAPE and RMSE methods showed better accuracy compared to ARIMA. The 

LSTM model achieved a MAPE of 56.58%, significantly lower than ARIMA’s 76.42%, 

indicating its superior ability to minimize percentage errors in forecasting apple sales. 

However, while LSTM outperformed ARIMA in MAPE, the RMSE values were nearly 

identical, 28.93 for LSTM and 28.84 for ARIMA, suggesting that both models 

struggled similarly with large deviations in predictions. This similarity in RMSE 

highlights a key limitation of both methods: neither fully captures extreme fluctuations, 

such as sudden spikes in apple demand during Bali’s holiday seasons. Despite LSTM’s 

advantage in handling complex patterns, its computational cost and data requirements 

remain a drawback compared to ARIMA’s simplicity and efficiency with smaller 

datasets. 

Figure 2 illustrates that both ARIMA and LSTM produce nearly identical forecasting 

trends, which deviate significantly from the actual data, particularly during peak 

transaction periods. This limitation stems from ARIMA’s inability to model non-linear 

trends and LSTM’s potential underperformance when trained on insufficient or noisy 

data. While ARIMA’s linear assumptions make it interpretable and easy to implement, 

it fails to adapt to sudden market changes. On the other hand, LSTM, despite its deep 

learning capabilities, may still miss abrupt demand surges if not properly tuned or if 

external factors (e.g., holidays) are not explicitly incorporated into the model. The 

similar RMSE scores further emphasize that both methods require enhancements, such 

as hybrid modeling or additional feature engineering, to better predict volatile trends in 

apple sales. 

To improve forecasting accuracy, future research should focus on refining the LSTM 

algorithm by integrating external variables (e.g., holiday calendars, weather data) or 

adopting hybrid approaches that combine ARIMA’s strengths in linear patterns with 

LSTM’s ability to learn complex non-linear relationships. Additionally, leveraging 

advanced deep learning techniques, such as attention mechanisms or transformer-based 
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models, could help capture sudden demand spikes more effectively. While ARIMA 

remains a viable option for stable, linear trends, its rigidity limits its applicability in 

dynamic markets, such as Apple sales in Bali. Conversely, LSTM’s flexibility comes 

at the cost of higher computational demands and a need for extensive training data. 

Balancing these trade-offs will be crucial for developing more reliable forecasting 

systems in agricultural supply chains. 

4 Conclusion 

The results of the research confirmed that the ARIMA method was found to be superior 

in computational efficiency compared to LSTM, as it required no repeated training 

iterations. In contrast, LSTM required 25 iterations, making the computation time 

longer. However, LSTM showed higher accuracy with a MAPE value of 56.58% and 

RMSE of 28.93, though the difference in RMSE was insignificant compared to ARIMA 

(28.84), as both algorithms failed to capture the trend of sales spikes during holidays. 

For future research, it is necessary to develop LSTM models that are better able to learn 

complex patterns, such as seasonal fluctuations, for more accurate predictions. 
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