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ABSTRACT 

Fresh and chilled fish are the largest contributor to Indonesia's fishery product exports, accounting for 
a share of 45% or around USD 2.2 billion in 2021. The main destination countries for Indonesia's fresh 
and chilled fish exports include China, the United States, Japan, and other European countries. This 
research aims to analyze the factors influencing the export value of Indonesia's fresh and chilled fish, 
as well as to identify and evaluate the ARIMA (p, d, q) model based on historical data from 2012-2022. 

The result is an ARIMA (4,2,2) model with a MAPE value of 2.208 and a predicted value for the 2023 
period of 4351 tons. This is in line with the large exports of fresh fish from Indonesia to various 
destination countries. 

Keywords: Exports, Fresh-Chilled Fish, Forecasting, ARIMA Model. 

1. INTRODUCTION 

Indonesia, as an archipelagic country with the second longest coastline in the world, has 
enormous fisheries potential. The capture and aquaculture sector is an important non-oil and 
gas foreign exchange contributor for Indonesia. Badan Pusat Statistik (BPS) data shows that the 
export value of Indonesian fishery products in 2021 was USD 4.8 billion (Lingkup & Dan, 2011). 
Fresh-chilled fish is the largest contributor to exports of Indonesian fishery products with a share 
reaching 45% or around USD 2.2 billion in 2021. The main destination countries for Indonesian 
fresh-chilled fish exports include China, the United States, Japan and other countries European 
(Febryanti & Utami, 2022). However, the values of Indonesia's fresh-chilled fish exports shows 
fluctuations from year to year, influenced by various factors. During 2012-2022, the average 
growth was only 2.3% per year. Fluctuations in export value are caused by the high dependence 
of exports on raw material supplies which are influenced by seasons and climate, as well as 

dynamic global market conditions influenced by economic turmoil, trade policies and demand 
from destination countries (Wicaksana et al., 2022) (Da Silva et al., 2023). Therefore, to maintain 
the performance and growth of fresh-chilled fish exports in the future, an appropriate prediction 
model is needed that takes into account the various factors mentioned previously (Asnawi et al., 
2021). With accurate predictions, various policies and strategies can be implemented to support 
the availability of raw material supplies and increase market access so that export growth can be 
achieved optimally and sustainably (Febianah et al., 2021).  

So far, not much research has been carried out regarding the prediction of the value of Indonesian 
fish exports by considering the main factors that influence it comprehensively. Several previous 
studies focused more on aspects of capture and aquaculture production (Irawati et al., 2019), 
Meanwhile, studies regarding export market prospects and the factors that influence them are 
still very limited. In fact, information regarding the projected future export value is very important 
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to direct efforts to increase the competitiveness of Indonesian fishery products in the global 
market. By modeling the main factors determining the value of fresh-chilled fish exports over the 
past few years, it is hoped that reliable projections regarding future export trends can be obtained. 
This projection information can be used as input for the preparation of various policy 
interventions to maintain the availability of raw material supplies, improve quality and 
competitiveness, develop new markets, and so on (Rahmah & Sitompul, 2023) (Yonvitner et al., 
2020). 

Thus, it is important to carry out this research to support efforts to increase the export 
performance of Indonesian fishery products through a comprehensive and reliable prediction 
model, where this is in line with the grouping of fish cultivation and will be linked to fish 
production in Indonesia  and evaluating the optimization of the number of fish catches using 
stepped cages (Handayani et al., 2023)(Sunarsono et al., 2022). It is hoped that the predicted 
value of fresh-chilled fish exports in the future can be used to formulate policies for the 
development of export-oriented capture, cultivation and processing fisheries sectors.  

The Autoregressive Integrated Moving Average (ARIMA) model is a popular method used for time 
series forecasting. ARIMA is capable of capturing patterns in data that contain autoregressive 
(AR) and moving average (MA) components, and can address non-stationarity issues through 
differencing (integrated). Several prior studies have successfully applied ARIMA in forecasting 
various types of time series data, such as economic data, weather data. In this research, ARIMA 
was chosen because the data satisfies the stationarity assumption after differencing and does not 
exhibit significant seasonal patterns. Nevertheless, this study has its own uniqueness by applying 
ARIMA to Exports of Fresh and Chilled Fish Based on Market Conditions and Main Destination 
Countries data, thus contributing a novel application of the ARIMA method for forecasting similar 
data types (Hernandez-Matamoros et al., 2020). 

1.1  Time Series Model 

Autoregressive Model (AR): 

Autoregressive model (AR) is a statistical model that utilizes the relationship between variable 
values in a time period and variable values at a previous time. In the context of export value 
prediction, AR takes into account that the export value in a period can be predicted based on the 
export value in the previous period. Equation AR(p) shows the relationship between a variable 
and its previous values up to p lag: 

𝑋𝑡 = 𝑐 + ∅1𝑋𝑡−1 + ∅2𝑋𝑡−2 + ⋯ + ∅𝑝𝑋𝑡−𝑝 + 𝜀𝑡     … (1) 

𝑋𝑡 is the export value at time 𝑡, ∅1 is the regression coefficient, 𝑐 is a constant, and 𝜀 is random 

error at time 𝑡.   

Moving Average Model (MA): 

Model moving average (MA) is a model that describes the relationship between variable values at 
a certain time and previous error values (Van Rossum, 2019). MA(q) consider the relationship 
between the export value and the previous finite error values q lag: 

𝑋𝑡 = 𝜇 + 𝜀𝑡 + 𝜃1 + 𝜃2𝜀𝑡−2 + ⋯ + 𝜃𝑞𝜀𝑡−𝑞      … (2) 

𝑋𝑡 is the export value at time 𝑡, 𝜀𝑡 was an error in timing 𝑡, 𝜃𝑖 is the coefficient in the MA model, 

and 𝜇 is the average export value.  

ARIMA (Autoregressive Integrated Moving Average) 

The ARIMA model is a combination of the AR and MA models which also takes into account the 

differentiation process to make the data stationary. ARIMA (𝑝, 𝑑, 𝑞) consists of three main 
components: AR (𝑝) for the autoregressive component, I(d) for differentiation components, and 

MA (𝑞) for the moving average component. This model can be used to predict export values based 
on its own historical data after addressing seasonal trends and variations (Siami-Namini et al., 
2018) (Fattah et al., 2018). 

Stationarity Testing 

Stationarity is a crucial requirement in ARIMA modeling. A time series data is considered 
stationary if there are no significant changes in the mean and variance over time. There are two 
types of stationarity: mean stationarity and variance stationarity. Stationarity testing can be done 
by examining the time series plot and the autocorrelation function (ACF) plot. If the data is non-
stationary, the differencing process needs to be performed (Horváth et al., 2014). 

Differencing Process 
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Differencing is the process of creating new data from the difference between the current and 
previous observations. The purpose is to obtain stationary data, both in mean and variance. The 
degree of differencing (d) is determined by the number of differencing processes required until the 
data becomes stationary. If the data is still non-stationary after the first differencing, a second 
differencing is performed, and so on until stationarity is achieved (McGonigle et al., 2022). 

Model Validation 

After the ARIMA model is formed, validation is necessary to ensure the model is suitable for use. 
Validation includes parameter significance testing, residual white noise testing, and residual 
normality testing. 

Parameter Significance Testing 

The ARIMA model parameters, p, d, and q, must be significant at a certain level of significance 
(α), such as 5% or 10%. If insignificant, other models should be considered. 

Residual White Noise Testing 

The residuals should be white noise, meaning there should be no specific pattern. This can be 

tested by examining the residual ACF plot, Ljung-Box Q-statistic values, or run tests. 

Residual Normality Testing 

The residuals are required to be normally distributed to ensure unbiased estimation. Normality 
testing can be performed using the Kolmogorov-Smirnov test, Anderson-Darling test, or others. 

If the model passes all three tests above, the ARIMA model can be used for forecasting. However, 
if it fails, re-identification and re-estimation of the model are necessary (Liu & Zhou, 2024). 

With ARIMA, we can combine information from export values in previous periods, consider 
seasonal patterns, and take into account changes in trends to produce more accurate predictions. 
(Majiid & Handayani, 2023). Through the use of these models, research on export value 
predictions can utilize historical analysis of export data to identify patterns, trends and 
fluctuations that influence export values. Comparison and testing of these models on relevant 
export data can help determine the most appropriate model for predicting future export values 
with a greater degree of accuracy. 

2. RESEARCH METHOD 

2.1  Research Design 

This study employed the ARIMA modeling approach for time series forecasting of Export-Import 
data. The dataset consisted of 132 observations recorded from 2012 to 2022. To evaluate the 
model's performance, the dataset was divided into training and testing sets. The first ARIMA 
(p,d,q) of the observations, were used as the training set to estimate the ARIMA model parameters.  

The training data was used to identify the optimal order of the ARIMA (p,d,q) model by analyzing 
the autocorrelation and partial autocorrelation functions. Several candidate models were fit to 
the training set and the best model was selected based on ACF and PACF Plot. 

Once the final ARIMA model was specified, it was trained on the entire training dataset. The 

model's predictive accuracy on the testing set was then evaluated using performance metrics such 
as RMSE and MAPE. This train-test split allows us to simulate a realistic forecasting scenario 
and obtain an unbiased estimate of how well the model can generalize to new unseen data points.  

The reseach design for this research activity includes: 1) Identify the problem that will be studied 

in this research by determining the problemand research gap. Based on research conducted 
previously on (Sunarsono et al., 2022) in an effort to optimize the type of net angle used as a 
medium for catching fish in the sea used by fishing communities. Apart from that, there are 
groupings of types of fish cultivation developed in Indonesia (Handayani et al., 2023). 2) Based 
on this and data sources related to the number of Fresh-Chilled Fish Exports Based on Market 
Conditions and Main Destination Country: Indonesian Case 2012-2022, the research that will be 
carried out is aimed at knowing the modeling and forecasting of Export-Import data. 3) The data 
was explored and analyzed using time series analysis and multivariate analysis to determine the 
existence of modeling and forecasting Export-Import data in Indonesia in 2012-2022. 
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2.2  Data Collection Techniques 

Secondary data refers to the type of data collected by other parties or obtained from pre-existing 
sources. This data is not collected directly by researchers or data users to be used by other 
individuals or organizations for analysis, research or other purposes. Secondary data can be 
various types of information, including statistical data, research reports, surveys, business 
documents, government data, social media data, and more. This data can be obtained from 
sources such as government agencies, non-government organizations, private companies, 
research institutions, or public databases. In this research, secondary data derived from form of 
Fresh-Chilled Fish Export Data Based on Market Conditions and Main Destination Countries 
2012-2022 was used (Source: https://bps.go.id/) 

The research methodology to be carried out can be seen in Figure 1.  

 
Figure 1. Research Flow Chart 

 

Stage 1: The process of model identification involves ensuring that the variables are stationary 
(meaning their statistical properties like mean and variance do not change over time), detecting 
any seasonal patterns present in the data series, and analyzing the plots of the AutoCorrelation 
Function (ACF) and Partial AutoCorrelation Function (PACF) for the series. Examining these ACF 
and PACF plots helps determine whether an autoregressive component, a moving average 
component, or a combination of both should be incorporated into the model. 

Stage 2: The model estimation step involves utilizing computational algorithms to determine the 
optimal coefficients or parameter values that provide the best fit for the selected ARIMA 
(Autoregressive Integrated Moving Average) model. The most widely used methods for this purpose 
are Maximum Likelihood Estimation (MLE) and non-linear least-squares estimation techniques. 
These algorithms iteratively adjust the model parameters until they converge to values that 
minimize the discrepancies between the predicted values from the model and the actual 
observations in the data. 

Stage 3: The model checking stage involves evaluating whether the estimated ARIMA model 
adheres to the assumptions and specifications of a stationary univariate process. Specifically, it 
is crucial to verify that the residuals (the differences between the actual observations and the 

model's predictions) are independent of each other and exhibit constant mean and variance over 
time. Plotting the autocorrelation function (ACF) and partial autocorrelation function (PACF) of 
the residuals can help identify any misspecification in the model. If the estimated model proves 
inadequate, it is necessary to revisit the initial step and attempt to construct a better-fitting 
model. Additionally, the estimated model should be compared against other candidate ARIMA 
models to select the one that best captures the patterns present in the data. The criteria used in 
model selection: Mean Absolute Percentage Error (MAPE) value, which are defined by: 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝐴𝑡−𝑃𝑡

𝐴𝑡
| × 100𝑛

𝑡=1       … (3) 
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Stage 4: Once an ARIMA model has been identified, estimated, and validated as conforming to 
the specifications of a stationary univariate process, it can be utilized for generating forecasts. If 
the model adequately captures the patterns and characteristics present in the historical data, it 
becomes a suitable tool for predicting future values of the time series variable of interest. The 
forecasting capabilities of the ARIMA model are leveraged by inputting the estimated parameters 
and applying the model's equations to project values into the future time periods. 

3. RESULT AND DISCUSSION 

3.1  Evaluation of Factors Influencing The Value of Indonesian Fresh-Chilled Fish Exports 

In (Latuheru, 2022) has assessed the consequences of the exchange rate on the number of 
Indonesian fresh/chilled fish exports to Singapore over the last five years, from 2016 to 2020, in 

the context of the Covid-19 pandemic, which is considered the main cause of global trade 

instability, including a decline in the total value of fishery product exports by 7%, Indonesia 
actually experienced an increase in exports of fishery products, thereby rising to the ranking as 
the world's main exporter of fishery products in 2020. Although the value of fresh fish in Indonesia 
has experienced fluctuations, especially declines, research shows that fish exports have also 
experienced a decline in volume due to bad weather and decreased production. Analysis of the 
impact of the US $ exchange rate on fresh fish exports in Indonesia shows that changes in the 
exchange rate against the rupiah have an effect on the volume of fresh fish exports.  

Research conducted by Regarding export market opportunities with a Bayesian analysis approach 
has identified market opportunities for Indonesian tuna in its export destination markets using 
a Bayesian approach (Yusuf et al., 2017). The research findings showed that the Indonesian tuna 
market is dominated by the Japanese market (54%), followed by the USA market (24%) and the 
EU market (23%). Canned tuna was the main commodity with a probability of 54%, followed by 
fresh tuna (26%) and frozen tuna (24%). To maintain the consistency of Indonesian tuna exports, 
an appropriate marketing strategy is needed, especially a market penetration strategy that 
focuses on tracking raw materials, fishing locations, number of fleets and fishing gear used in the 
fishing process. (Hikmah et al., 2021).  

Based on a literature study conducted, several main factors influence fresh-chilled fish exports 
in Indonesia, including: Currency Exchange Rates, Weather and Seasonal Conditions, Trade and 
Sanitation Regulations, Infrastructure and Logistics, Technology and Innovation, Government 
Policy, International Market Demand, Quality Product. The following illustration of the 
distribution of fresh-chilled fish exports in Indonesia based on destination countries can be seen 
in Figure 2. 

 

Figure 2. Distribution of the Number of Exports of Fresh Chilled Fish in Indonesia 2012-2022 
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3.2  Building a Prediction Model for The Value of Indonesian Fresh-Chilled Fish Exports 

To forecast fresh-chilled fish export data for 2012 – 2022, we first check the stationary data as 
one of the conditions for forecasting. The time series plot to see the stationarity of the data can 
be seen in Figure 3. 

 

Figure 3. Time Series Plot of Fresh Fish Export Data for 2012-2022 

Base on Figure 3, it can be seen that fres-chilled fish export data has a seasonal pattern, so the 
data is not stationary in terms of average or variance. To carry out forecasting, data must meet 
stationary assumptions in both mean and variance. Therefore, differencing is carried out so that 
the data is stationary. The results of the differencing carried out can be seen in Figure 4.  

 

 

Figure 4. Time series plot of differencing results of fresh fish export data 
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In Figure 4, it can be seen that the time series plot of fish export data has a stationary pattern in 
the average. The data was differentiated twice, because when differencing once the data pattern 
was not stationary so the assumptions for forecasting were not met. After the stationarity 
assumption is met, we first check the Autocorrelation (ACF) and Partial Autocorrelation (PACF) 
to find out the number of Lags to support the ARIMA Model (p, d, q). The ACF and PACF plots 
can be seen in Figure 5.  

 

 

(a)        (b) 

Figure 5. Plot ACF & PACF 

 

Based on the ACF plot in Figure 5(a), it can be seen that the number of lines crossing the Upper 
Confidence and Lower Confidence boundaries is 3 lines, then this is used as a baseline for 
estimating the q model. Meanwhile, in the PACF plot in Figure 5(b), it can be seen that the number 
of lines crossing the Upper Confidence and Lower Confidence boundaries is 3 lines. This is then 
used as a baseline for estimating the p model. The ARIMA (p,d,q) model that will be combined is 
ARIMA (5,2,2), In accordance with the number of Lags that exceed the confidence interval limit 
in figure 5(a) and 5(b). 

3.3  Evaluation of the Prediction Model for the Export Value of Fresh-Chilled Fish 

ARIMA Model (𝑝, 𝑑, 𝑞) which will be combined to find the best model in forecasting the Export 
Value of Fresh-Chilled Fish in Indonesia is the ARIMA model (5,2,2). The accuracy of each model 
will be evaluated to find the minimum Mean Absolute Percentage Error (MAPE). Evaluation of the 
prediction accuracy of the fish export value can be seen in Table 1. 

Table 1. Model Evaluation Based on MAPE Values 

No Estimate ARIMA Models (𝒑, 𝒅, 𝒒) MAPE 

1 ARIMA (5, 2,2) 2.217 

2 ARIMA (5, 2,1) 2.231 

3 ARIMA (5, 2,0) 2.593 

4 ARIMA (4, 2,2) 2.208 

5 ARIMA (4, 2,1) 2.231 

6 ARIMA (4, 2,0) 2.643 

7 ARIMA (3, 2,2) 2.214 

8 ARIMA (3, 2,1) 2.219 

9 ARIMA (3, 2,0) 2.756 

10 ARIMA (4, 3,2) 3.027 
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The Mean Absolute Percentage Error (MAPE) value is an evaluation metric used to measure the 
level of accuracy of a forecasting or prediction model. The MAPE value measures the average 
percentage of the absolute difference between the actual value and the predicted value compared 
to the actual value. MAPE provides an illustration of the extent to which a forecasting model 
approaches the actual value in percentage form. The lower the MAPE value, the better the 
performance of the forecasting model.  

To all the models built from combinations referring to the ACF and PACF values, it can be seen 
that the lowest MAPE the ARIMA model (4,2,2) with a MAPE value of 2,208 the predicted value in 
the next period in 2023 will be 4351 tons of fresh fish exported to destination countries. The plot 
of prediction results can be seen in Figure 6.  

 

Figure 6. Prediction Plot of Fresh Fish Exports in 2023 

In Figure 6, it can be seen that the predicted amount of exports in 2023 will be between the upper 
and lower limits of the confidence interval. This is in line with the number of fresh fish exports 
from Indonesia to various destination countries. According to information taken from the 
Indonesian Statistics publication by the Central Statistics Agency (BPS), in 2022, exports of 
fresh/cold caught fish will reach more than 52 thousand tons, with a value of more than 111 
million US$. The countries that are the largest export destinations include Malaysia, Singapore 
and Japan. 

4. CONCLUSIONS 

The lowest MAPE of all develoed models the ARIMA model (4,2,2) with a MAPE value of 2,208 with 

a predicted value in the next period will be 4351 tons of fresh fish exported to destination 
countries. The predicted amount of exports in 2023 was between the upper and lower limits of 
the confidence interval. This is in line with the number of fresh fish exports from Indonesia to 
various destination countries. According to information taken from the Indonesian Statistics 
publication by the Central Statistics Agency (BPS), in 2022, exports of fresh/cold caught fish will 

reach more than 52 thousand tons, with a value of more than 111 million US$. The countries 
that are the largest export destinations include Malaysia, Singapore and Japan. 
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