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Abstract 

Within the dynamic landscape of the fast-moving consumer goods (FMCG) industry, a food company encountered 
challenges associated with fluctuating demand forecasting, resulting in inefficiencies in determining production 
volumes for various product formats. The paper outlined a comprehensive methodology applied to tackle these 
challenges, it incorporated the use of exponential smoothing (specifically Holt-Winters’ additive with dampening) and 
autoregressive integrated moving average (ARIMA) models, alongside a combination method to enhance forecast 
reliability. Forecasting models were evaluated through residual diagnostics and performance metrics such as root mean 
squared error (RMSE) and mean absolute percentage error (MAPE). The report delved into prediction intervals and 
scenario-based forecasting, and it provided a holistic perspective on managing forecast uncertainty. To sustain 
enhanced forecasting, tracking signals were employed to detect persistent bias. In production planning, this paper 
assessed line utilization based on forecasted data. Results indicate that the combination of ARIMA yielded the best 
performance with a MAPE of 3.75%. Additionally, over three years, line utilization averaged 94% in normal states, 
emphasizing the effectiveness of the forecasting methods in production planning. Furthermore, the paper recommends 
the ongoing use of the ARIMA combination method and emphasizes the incorporation of tracking signals for model 
validation to enhance accuracy and reliability. Looking ahead, the paper suggests considering an expansion in the five-
year plan, aligning production capabilities with forecasted demand to further optimize operational efficiency in the 
FMCG industry. The proposed model sets the stage for sustained efficiency and strategic growth in the ever-evolving 
FMCG landscape. 
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1. Introduction
With a focus on a food company, this article explores the necessity of improved forecasting for FMCG (fast-moving 
consumer goods) after Covid-19. The study is important because precise forecasting has a significant impact on 
production planning, which is a tactical requirement for businesses navigating volatile markets. The difficulties the 
food firm is facing highlight the critical need for an advanced forecasting model, especially in light of demand 
variations and uncertainty. The articles' goals are to greatly increase prediction accuracy, from choosing the best 
forecasting model to comparing historical and predicted data. A strategic advantage may be gained in the FMCG 
market, which is marked by ongoing demand volatility, by efficient forecast and planning. The research's conclusions 
can completely transform the way the industry plans and allocates resources by providing a comprehensive answer to 
the problems caused by erratic market dynamics. In addition, the study tackles the pragmatic obstacles encountered 
by the company, which is observing a surge in chip sales despite contending with manufacturing limitations and 
recurrent shortages. It is warranted to shift toward an automated R programming language forecasting solution due to 
the shortcomings of the existing human Excel-based method. The research solves the problems with manual 
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calculations, data management, and advanced analytics capabilities, which are crucial for enhancing the company's 
forecasting process's accuracy, efficiency, and scalability. The value of this research ultimately rests in equipping the 
company with the knowledge and instruments required to determine if a capacity expansion is necessary to satisfy the 
needs of a constantly shifting and growing consumer landscape. 

1.1 Objectives 
1. Determine the forecasting model with the least RMSE.
2. Develop a monitoring process for forecasting models.
3. Assess the capacity over the next three years and the need for expansion.

2. Literature Review
In this literature review, an overview of the main topic of this paper is discussed, as well as the relative references. 
This paper mainly discusses forecasting and the different relative methods and the resulting line utilization of capacity 
against forecasted demand analysis to assess the need for expansion over the next three years. 

Forecasting plays a pivotal role in predicting the future of any event. It may vary from day-to-day activities, such as 
the weather, to long-term investments of enormous funds on giga projects. The difficulty of forecasting may vary 
according to four main factors, which are the current understanding of the factors that contribute to the forecast, the 
size of the data available, the similarity of the future to the past, the dependency of other factors on the forecast 
(Hyndman and Athanasopoulos 2021). forecasting situations differentiate based on time horizon; this is commonly 
divided into three main sections: short-range, which is less than three months; medium range, which is up to three 
years; long-range would be three years or more it is common that the bigger the time horizons, the less accurate your 
forecast becomes (Armstrong 2001). 

Time series data is a collection of observations measured sequentially over time. This section is divided into two 
crucial tools in the time series analysis. The first tool is time plots, the most straightforward visualization tool for time 
series data. They visualize data points against time to find trends, seasonal patterns, and abnormalities (Cleveland 
1993). Time plots' primary objective is to visually represent data progress across time, making them a critical starting 
point for time series analysis (Unwin 2015). The second tool is Seasonal and Trend Loess decomposition (STL) 
According to Cleveland et al. (1990), Decomposition is a robust and widely utilized time series analysis method that 
provides a structured approach for analyzing the underlying components of time series data, which filters time series 
data into three elements: trend, seasonality, and remainder. Seasonal components capture recurring patterns or cycles, 
while the trend component represents long-term changes or trends. The remainder captures irregularities, noise, or 
residuals. 

The following section discusses the different relative forecasting methods. Four essential methods are covered. The 
first method is The Holt-Winters additive with dampening method, which is an advanced variant of the Holt-Winters 
exponential smoothing method introduced by Holt-Winters in the 1950s, which is used to anticipate time series data 
with trends and seasonality. It adds a dampening parameter to the basic Holt-Winters model. This option would 
decrease the trend line to a flat line, allowing the model to adjust to changes in the data more gradually (Gardner 
2006). The second method is ARIMA, which is an effective forecasting technique. It was created in the 1970s and has 
been shown to be reliable and adaptable for quickly fluctuating forecasts (Brockwell and Davis 2016). ARIMA is 
made up of three parts: autoregressive (AR) for modeling the linear connection between a variable and its lagged 
values, integrated (I) for differencing the data to make it stationary, and moving average (MA) for capturing the short-
term variability (Hyndman and Khandakar 2008). The third method is the combination of forecast models, which is a 
concept that indicates by combining multiple forecasts by taking the average of models that are opposite in 
characteristics from each other, one can obtain a better-fit forecast for the dataset than what a single forecasting model 
can achieve through years of research on different industries (Bates and Granger 1969). According to Clemen (1989), 
With the combination of five or more forecasting methods, one can increase the accuracy of the forecast by 3 to 24% 
under ideal conditions. Lastly, according to Önkal et al. (2013), scenario-based forecasting results from today's volatile 
market, and in a competition demanding more than ever, an adaptable tool that could look at a problem from different 
standpoints is needed. Scenario-based forecasting equips organizations with tools capable of assessing the impact of 
various factors on their future operations. By evaluating multiple scenarios, firms can better prepare for uncertainty 
while mitigating associated risks. 
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The following equations are used: 
a. Holt-Winters additive with dampening 

𝑫𝑫(𝒕𝒕)  =  𝝓𝝓 ∗  (𝒀𝒀(𝒕𝒕)  −  𝑳𝑳(𝒕𝒕)  −  𝑺𝑺(𝒕𝒕 − 𝒎𝒎))  + (𝟏𝟏 −  𝝓𝝓)  ∗  𝑫𝑫(𝒕𝒕 − 𝒎𝒎) 
b. Seasonal autoregressive integrated moving average (SARIMA) 

𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺(𝒑𝒑,𝒅𝒅, 𝒒𝒒)(𝑷𝑷,𝑫𝑫, 𝑸𝑸)𝒔𝒔 
Where, 

“D(t)” represents the dampening component at time period t. 
“ϕ” (phi) is the smoothing parameter for the dampening component. 
‘Y(t)” represents the actual value at time period t. 
“L(t)” denotes the level component at time period t. 
“S(t-m)” represents the seasonal component at the corresponding season in the previous year. 
“D(t-m)” represents the dampening component at the corresponding season in the previous year. 
“p” is the autoregressive order. 
“d” is the degree of differencing. 
“q” is the moving average order. 
“P” is the seasonal autoregressive order. 
“D” is the seasonal differencing degree. 
“Q” is the seasonal moving average order. 
“s” is the length of the season. 
 

The next section covers forecasting accuracy, the model predicting reliability, and monitoring tools, which are 
essential to ensuring a successful forecast. First, forecasting accuracy is measured by how well a model's predictions 
match the observed values. Several statistical metrics, such as mean absolute error (MAE), mean squared error (MSE), 
root mean squared error (RMSE), and others, are often employed for this purpose (Armstrong 1985). The choice of 
error metric depends on the forecasting activity's unique context and the data's nature (Hyndman and Koehler 2006). 
Second, autocorrelation (correlogram) in time series analysis measures the degree of linear dependence between 
lagged values of a time series. The concept is essential for recognizing and measuring the correlation in data, which 
is required to ensure the model predicting reliability. Third, According to Heizer et al. (2016), The concept of a 
tracking signal has been established as a key performance indicator. A tracking signal assesses the quality of forecasts 
over time. Positive or negative tracking signals indicate that forecasts consistently overestimate or underestimate 
actual values, which is visualized using a control chart that shows whether this forecasting model is still valid or not. 
 
The following equations are used: 

c. Forecast error 
𝒆𝒆𝑻𝑻+𝒉𝒉 = 𝒚𝒚𝑻𝑻+𝒉𝒉 − 𝒚𝒚�𝑻𝑻+𝒉𝒉|𝑻𝑻′ 

d. Root mean squared error 
𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹 =  �𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎(𝒆𝒆𝒕𝒕𝟐𝟐) 

e. Mean absolute percentage error 

𝑴𝑴𝑴𝑴𝑴𝑴𝑴𝑴 = 𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎(�
𝟏𝟏𝟏𝟏𝟏𝟏𝒆𝒆𝒕𝒕
𝒚𝒚𝒕𝒕∙

�) 

f. Correlogram 

𝒓𝒓𝒌𝒌 =
∑ (𝒚𝒚𝒕𝒕 − 𝒚𝒚�)(𝒚𝒚𝒕𝒕−𝒌𝒌 − 𝒚𝒚�)𝑻𝑻
𝒕𝒕=𝒌𝒌+𝟏𝟏

∑ (𝒚𝒚𝒕𝒕 − 𝒚𝒚�)𝟐𝟐𝑻𝑻
𝒕𝒕=𝟏𝟏

 

g. Tracking signal 

𝑻𝑻𝑻𝑻 =
𝑪𝑪𝑪𝑪𝑪𝑪
𝑴𝑴𝑴𝑴𝑴𝑴

 
 
Where, 

“T” represents the current time. 
“h” is a specified time horizon or forecast horizon. 
“T'” represents the information set available up to time T'. 
“et” is the errors at time t, representing the differences between the predicted and observed values. 
“yt+h” is a specified time horizon or forecast horizon T + h. 
“ŷ(T+h|T')” is the predicted (or estimated) value at time T + h given information up to time T'. 
“yt” is the value of the time series at time t. 
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“k” is the lag, representing the number of time periods between the observations. 
“rk” is the autocorrelation coefficient at lag k. 
“ȳ” is the mean of the time series values. 
“CFE” is employed to signify the cumulative forecast error. 
“MAD” serves as the representation of the mean absolute deviation. 

 
Utilization refers to the degree or extent to which something is used or employed effectively. In various contexts, 
utilization can refer to efficiently deploying resources, such as equipment and workforce, to achieve optimal results. 
Investigations of aligning line utilization with forecasted demand help in projecting expansion needs and optimizing 
resources (Goldratt and Cox 1984). 
 
Utilization equation: 

𝑼𝑼 =
𝑹𝑹𝑹𝑹
𝑶𝑶𝑶𝑶

 
 
Where, 
“U” is designated as the variable representing line utilization. 
“Rn” is employed to signify the forecasted production output for the nth month. 
“On” serves as the representation of the actual production output per nth month. 
 
In this rich literature review, various topics were covered, which revolved around forecasting to solve demand 
planning. It includes forecasting basic concepts to plots and complex methods of predictive models, how forecasting 
results can be evaluated using different metrics, and monitoring the whole process. Moving to the idea behind 
utilization and efficient deployment of resources and how it can contribute to the expansion decision. 
 
3. Methods 
The forecasting methodology begins with cleansing of historical data. Then, exploratory data analysis is initiated to 
recognize patterns and trends, guaranteeing a full understanding of the data landscape. The choice of forecasting 
models balances quantitative accuracy with qualitative insights and is closely linked to business requirements. By 
applying measures like RMSE and MAPE, these models are put through an exhaustive training and assessment process 
that eventually identifies the most accurate model for prediction development. By including tracking signals, iterative 
refinement, and stakeholder feedback, the technique fosters an approach that is both flexible and responsive while 
embracing continuous improvement. Continuous observation reinforces the methodology's adaptability even further. 
This all-encompassing framework combines qualitative with quantitative precision to produce an extensive forecasting 
technique. Specifically, scenario-based forecasting makes forecasts more flexible to accommodate a wider range of 
future conditions. The forecasting workflow diagram shown in Figure 1 consists of seven steps: 
 

1. Data Preparation (Tidy): Import historical chip sales data into R using the tsibble package, handling missing 
numbers and outliers. Divide the dataset into training and test sets for model evaluation. 

2. Plot The Data (Visualize): Plot time series data and produce seasonal graphs with gg_season() to analyze 
patterns, trends, and seasonality. Use the seasonal and trend decomposition Loess (STL) technique for data 
decomposition. 

3. Define A Model (Specify): Comprehend data via visualization and describe forecasting models such as 
Exponential Smoothing (Holt-Winters' additive with dampening), and ARIMA. Consider unit root testing 
and differentiating for non-stationary time series. 

4. Train The Model (Estimate): Train models in R using the model() function to fine-tune coefficients and 
parameters for accurate predictions and investigate model combinations for increased accuracy. 

5. Check Model Performance (Evaluate): Use residual diagnostics, uncorrelated residuals, zero mean residuals, 
histogram plots, and metrics like RMSE and MAPE to select the most accurate model. 

6. Produce Forecasts (Forecast): Forecast chip sales using trained models and the forecast() function. To 
accommodate for uncertainty, include scenario-based forecasting, creating scenarios based on prediction 
intervals. 

7. Continuous Improvement (Monitor): Plot new data onto a tracking signal chart and investigate the need to 
change the model when it’s out of control. 
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Lastly, the approach extends to capacity assessment, as shown in Figure 1, comprising a full study of the 
manufacturing process. This comprises calculating overall production, thoroughly analyzing line usage, and 
calculating the yearly growth rate. This broader approach enables a thorough evaluation of capacity-related issues, 
allowing for a comprehensive knowledge of production efficiency, growth dynamics, and overall operating capacities. 

 
 
 

 
 

Figure 1. Workflow diagram 
 

4. Data Collection 
The data was collected from two departments, supply chain and production planning. The head of the supply chain 
provided sales data for the past four years as shown in Table 1. The data pertains to the packs of chips’ product line, 
and it represents aggregated sales figures for all colors and formats. Additionally, it is important to note that each pack 
of chips contains 24 bags. This data set included essential information on demand patterns and fluctuations, facilitating 
a deep analysis of demand forecasting challenges.  
 

Table 1. Chips sales over four years in number of packs sold 
 

Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Total 
2019 1296 1112 1129 979 752 676 748 998 1299 1727 1992 1999 14708 
2020 1700 1518 1508 1208 1157 915 1284 1494 1773 2135 2201 2195 19088 
2021 1662 1305 1389 1164 908 1116 1471 1527 1771 1952 2005 2144 18413 
2022 1837 1655 1692 1387 1351 1521 1694 1667 2034 2255 2342 2502 21938 

 
Complementing this contribution, the head of production planning furnished Table 2 and Table 3, which are essential 
data on the production side of the operation. Specifically, information was provided on the number of packs produced 
per hour for each product format and color, and this was detailed for three distinct formats. Additionally, data was 
supplied for five different color types, allowing for the creation of various product combinations, totaling five unique 
products within each format. 
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Table 2. Percentage distribution of colors across different formats 
 

Color Format 1 Format 2 Format 3 
C1 30% 24.07% 25% 
C2 39% 22.45% 35% 
C3 16% 21.73% 35% 
C4 16% 21.73% 20% 
C5 11% 15.61% 16% 

 
Table 3. Percentage distribution of formats with corresponding output in packs per hour 

 
Measurement Format 1 Format 2 Format 3 
Format Mix 43% 13% 44% 
Packs/Hour 7 6 8 

 
Additional data, encompassing information related to working days, maintenance days, holidays, and other significant 
occurrences, was acquired. This dataset added a crucial temporal dimension to the analysis, enabling the project to 
consider the impact of these events on line utilization, as seen in Table 4. 
 

Table 4. Monthly breakdown of production days with total hours and output 
 

Month # of 
Days 

Fridays 
& Holidays 

(Days) 

Maintenance 
Days 

Other 
Off Days 

Total 
Working 

Days 

Production 
Time 

(Hours/Month) 

Output 
(Packs/Month) 

Jan 31 8 4 - 19 456 3337 
Feb 28 8 5 0.1 15 358 2617 
Mar 31 8 5 0.0 18 432 3161 
Apr 30 10 5 0.1 15 358 2617 
May 31 13 5 0.0 13 312 2283 
Jun 30 8 5 0.1 17 406 2968 
Jul 31 14 5 0.0 12 288 2107 

Aug 31 8 5 0.1 18 430 3143 
Sep 30 10 5 0.0 15 360 2634 
Oct 31 8 5 0.1 18 430 3143 
Nov 30 8 4 0.0 18 432 3161 
Dec 31 9 5 0.1 17 406 2968 

Total 365 112 58 1 194 4666 34138 
 
With this dataset in hand, the subsequent steps of data analysis and forecasting could be undertaken, aiming to address 
the challenges of demand fluctuation and enhance the accuracy of forecasts. 
 
5. Results and Discussion 
5.1 Data Preparation (Tidy) 
The data was transformed into a tsibble object in R to make time series analysis easier. The data was then split into 
two separate sets: the test data and the training data. The training dataset known as "Chips_train" which is used for 
training the models, comprised 80% of the original data spanning three years of historical chip sales data, from January 
2019 to February 2022. The test dataset, called "Chips_Test" comprised 20% of the data from March 2022 to 
December 2022, which, for validation purposes, represented the next year. 
 
5.2 Plot the Data (Visualize) 
Figure 2's STL decomposition separates observations into components related to trend, seasonality, and remainder. 
Positive market dynamics are suggested by the trend graph, which shows an overall increase in sales from 2019 to 
2022. The season_year component shows a yearly pattern that is repeated. Unexpected events or outliers that are not 
captured by trend or seasonality are represented by the remaining component. 
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Figure 2. STL decomposition of chips monthly sales 
 

Figure 3 demonstrates how a periodic pattern is consistently displayed by each year. A reasonable number of sales at 
the beginning of the year provides a basis for analyzing post-holiday customer behavior. The year 2022 is noteworthy 
because it represents a major divergence from earlier years. Early in 2022, sales were much higher than in the same 
months the previous year. This might indicate a change in consumer behavior. 
 

 
 

Figure 3. Seasonal plot of chips monthly sales 
 
5.3 Define a Model (Specify) and Train the Model (Estimate) 
5.3.1 Holt-Winters’ Exponential Smoothing and ARIMA 
Since the seasonal variations are constant throughout the time series, Holt-winters’ additive  dampening model was 
used as shown in Figure 4. The estimated smoothing parameters are α, ꞵ, γ, ϕ and the values are 0.9941133, 
0.0001002238, 0.0001004395 and 0.9799788 respectively. Additionally, an ARIMA model was made by 
automatically generating it with the R language using the code auto = ARIMA(Observation, stepwise = FALSE, 
approx = FALSE). The parameters are ARIMA(0,1,0)(1,1,0). The model is shown in Figure 4. 
 
5.3.2 Combination of Models 
Table 5 shows the model used for the combination. The models were generated through the best guess approach 
method and using the MAPE as an indicator. Figure 5 shows how each model looks like before combining them. 
Figure 5 shows the combination of the six models. 
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Table 5. Models used for the combination 
 

Model (p,d,q) (P,D,Q) 
CARIMA1 (0,1,3) (1,0,0) 
CARIMA2 (0,1,2) (1,0,0) 
CARIMA3 (0,1,0) (1,1,0) 
CARIMA4 (1,1,3) (1,1,0) 
CARIMA5 (0,1,1) (1,1,0) 
CARIMA6 (0,1,1) (0,1,0) 

 

 
 

Figure 4. Forecasting models for monthly chips sales 
 

 
 

Figure 5. ARIMA models before the combination 
 
5.4 Check Model Performance (Evaluate) 
Table 6 shows the errors for the forecasting models in ascending order of the RMSE. The most accurate standalone 
method was the combination. 
 

Table 6. Comparison of errors 
 

Model RMSE MAPE 
Combination 81.93 3.75% 
Auto ARIMA 100.71 4.20% 

Holt-Winters’ Additive Dampened 123.73 5.55% 
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5.5 Produce Forecasts (Forecast) 
The chip sales forecast is shown in Figure 6, along with a combined prediction for the next three years, ending in 
January 2026. Two confidence intervals, 80%, and 95%, provide a range in which actual future sales are likely to fall 
with their corresponding probability. 
 
5.5.1 Scenario-Based Forecasting 
The central forecast is the bold line that shows the most likely course. As the median prediction, this line provides a 
realistic picture of predicted sales without straying too close to the extreme. Based on the core forecast, an estimated 
increase of 24.91% is predicted by the end of 2025. The worst-case scenario (lower 80% confidence interval) is 
represented by the border that delineates the bottom of the lighter-tinted zone. If the lower limit is followed from the 
same starting point in 2022 and an endpoint in 2025, an approximate decline of 35.47% is forecasted for this scenario. 
best-case scenario (upper 80% confidence interval), on the other hand, the top edge of the faintly tinted area represents 
the ideal situation. This forecast suggests an extremely optimistic forecast, an increase of almost 65.18% from 2022 
to 2025. 

 

 
 

Figure 6. Combined forecast for three years 
 

5.6 Continuous Improvement (Monitor) 
Tracking signal is a crucial measure for evaluating the accuracy of forecasting models. It indicates whether there is 
any persistent bias in the forecasting process. The tracking signal is based on the provided data for the year 2022. The 
tracking signal (TS) is calculated by dividing the cumulative sum of errors (CSE) by the mean absolute deviation 
(MAD). A tracking signal close to zero suggests accurate forecasting, while a significant deviation may indicate a 
systematic error in forecasting. Figure 7 shows the tracking signal control chart for the year 2022. The control limits 
for the tracking signal have been calculated, with the lower control limit (LCL) at -3.75 and the upper control limit 
(UCL) at 3.75. The blue line is within the control limits, so the forecast is in control. 
 

 
 

Figure 7. Tracking signal control chart 
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5.7 Capacity Expansion: Line Utilization and Annual Growth Rate (AGR) 
The overall annual demand for the years 2023, 2024, and 2025 doesn’t exceed the annual production rate, as shown 
in Table 7. The annual utilization rate for these years stands below 100%, reflecting the capacity of the production 
facility to meet the forecasted demand efficiently. 
 

Table 7. Utilization and growth summary for the normal scenario 
 

Year Forecasted Demand Capacity Utilization Growth Rate 
2023 25,667 34138 75% 13% 
2024 29,102 34138 85% 10% 
2025 32,061 34138 94% 24% 

 
5.8 Proposed Improvements 
The team recommends using the proposed method, a combination of ARIMA that enhances accuracy by merging 
various model forecasts, resulting in minimizing errors to achieve 3.75%. In addition, use scenario-based forecasts 
due to the nature of long-term predictions. By evaluating multiple scenarios, firms can better prepare for uncertainty 
while mitigating associated risks.  Furthermore, monitor the forecasting process monthly using the provided tracking 
signal as the base to confirm the model's validity. Optimize the production plan, which involves aligning forecasted 
demand with line utilization and determining ideal production volumes and schedules for different product formats. 
Consider an expansion in the five-year plan due to positive growth in demand while having 94% utilization in the 
normal state, which would result in a bottleneck in production after three years. 
 
5.9 Validation 
The forecast residuals' three-year correlogram plot shown in Figure 8 primarily stays inside the confidence intervals, 
proving that there is no discernible autocorrelation in the residuals, which indicates that the model has mostly caught 
the underlying structures in the data, indicating its predicting reliability. The distribution of the total forecast residuals 
over three years is shown by the histogram in Figure 8. The concentration of residuals close to zero highlights the 
model's overall dependability. The validity of the prediction intervals obtained from the model is further supported by 
this normal distribution. 
 

  
 

Figure 8. Residual diagnostics 
 
6. Conclusion 
In conclusion, this paper worked toward enhancing the forecasting processes for FMCG after Covid-19, improving 
demand planning, a crucial pillar of the operation department of any firm in today's competitive market, and the 
advantages that can be obtained from having a good demand plan are enormous. A tidy forecasting workflow 
methodology was implemented to address the current state and produce a better forecasting process. Several different 
forecasting methods were evaluated. Accordingly, the method that got the most accurate forecast is the combination 
ARIMA, and it was a better fit for the data in both MAPE and RMSE. Moreover, the tracking signal with ±3.75 MAD 
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control limits showed that the forecast is in process. Furthermore, looking at utilization, we can see the annual 
utilization for the standard scenario is less than a hundred, with 94% as the highest value in the last year. The project 
objective was achieved, including determining the best forecasting model and developing a monitoring process for 
forecasting through tracking signals, assessing the capacity over the next three years, and determining the need for 
expansion through utilization. 
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