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Shah Alam, a rapidly growing city in Selangor is experiencing a rise in
municipal solid waste (MSW) generation, which poses challenges to
sustainable urban management. This study analyses MSW generation
patterns in Shah Alam for 2024 and 2025. This study forecast the MSW
using four forecasting approaches, Linear Trendline, three-month
Simple Moving Average (SMA), Seasonal Naive and the Holt-Winters
Additive method, to forecast MSW generation in 2026. Monthly MSW
data spanning 24 months (January 2024 to December 2025) from 56
collection zones in Shah Alam range from a minimum of 17,165 tons to
a maximum of 22,328 tons. All four models were implemented in
MATLAB. Forecast accuracy was assessed using Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and Mean Absolute
Percentage Error (MAPE). The results show that among the seasonal
models, the Holt-Winters Additive method achieved a MAPE of 2.79%,
representing a 14.41% improvement over the Seasonal Naive baseline.
The Holt-Winters method is therefore selected as the most suitable
forecasting approach, with a total MSW generation of approximately
281,710 tons forecasted for 2026. These results provide actionable
insights for local authorities in strengthening MSW management
infrastructure and developing long-term reduction strategies.

1. Introduction

Solid waste management is one of the major challenges influencing both the economic progress of a country and
the well-being of its people. In Shah Alam, as one of the highest domestic waste producing cities in Selangor,
municipal solid waste (MSW) generation is forecasted to rise due to population growth, yet challenges such as
inefficient source separation and limited sustainable management practices persist [1]. The sector continues to
face pressing issues such as inefficient collection systems, limited recycling practices, and growing environmental
concerns [2]. Daily human activities remain the primary source of solid waste, which is classified by regulations
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into municipal, industrial, agricultural, and mining categories, and further categorized as hazardous or non-
hazardous.

For this study, monthly MSW collection data from 56 zones in Shah Alam for the year 2024 and 2025 were
obtained directly from KDEB Waste Management Sdn. Bhd. (KDEBWM) through their appointed officers. These
official records provide a reliable basis for analysing MSW generation patterns at the local level. The data show
the actual amounts of MSW collected across different zones, thereby reflecting real MSW generation trends in
Shah Alam, one of the fastest developing cities in Selangor. Such volumes put increasing pressure on landfills,
reducing their expected lifespan of 25 years [3], and contributing to issues such as soil and water contamination,
air pollution, and general environmental degradation. For example, [4] reported that 29 rivers, or 4% of the
national total, were polluted. Moreover, the location of landfills near residential areas exposes communities to
health risks such as odour problems and the spread of vector-borne diseases from pests including rats, flies, and
cockroaches [5].

Accurate forecasting of MSW growth has therefore become essential for sustainable MSW management in
Malaysia. Reliable forecasts support infrastructure development, long-term planning, and resource allocation,
while minimizing environmental impacts and ensuring public health. However, forecasting future MSW volumes
is difficult, as the process involves dynamic variables such as urbanization, consumption patterns, and
demographic changes [6]. Poor forecasts may result in under or over investment in facilities such as landfills,
recycling centres, and treatment plants, leading to inefficiency and wasted resources.

Recent studies have shown an increasing application of sophisticated and hybrid forecasting techniques,
especially machine learning [7] and artificial intelligence models. This is due to their potential to improve forecast
accuracy [8]. However, such approaches often involve complex structures and high computational requirements,
which may limit their interpretability and practical implementation [9]. Furthermore, evidence suggests that
these complex models do not always yield significantly better performance than simpler statistical methods [10].
Therefore, there is still a need to re-examine the effectiveness of simple and interpretable time series methods,
such as the Linear Trendline, three-month Simple Moving Average (SMA), Seasonal Naive and Holt-Winters
models, especially when applied to real-world MSW data in Malaysia. Addressing this gap, the present study seeks
to generate practical and reliable forecasts for 2026 using actual monthly MSW collection data from Shah Alam.
The objectives of this study are threefold: to identify and understand patterns in MSW generation in Shah Alam
over a 24-month period by using trend analysis with descriptive statistics, to predict MSW generation in Shah
Alam for 2026 using Linear Trendline, three-month SMA, Seasonal Naive and Holt-Winters Additive methods, and
to evaluate the accuracy of these forecasts through Mean Absolute Error (MAE) , Root Mean Square Error (RMSE),
and Mean Absolute Percentage Error (MAPE), thereby enabling a comparison of forecasting performance. The
remainder of this paper is structured as follows: The next section describes the data sources and forecasting
methods employed. This is followed by the presentation and discussion of results. The paper concludes with a
summary of the key findings and recommendations.

2. Methodology

In this study, a quantitative forecasting approach is applied to analyse MSW generation trends in Malaysia. The
analysis begins with data collection, utilized 24 months of data collected from 56 zones in Shah Alam to forecast
MSW generation for 2026. A longer and more reliable dataset generally reduces prediction errors, as past
information provides better insights into future trends. This approach aligns with previous research, such as [11],
who also employed historical time-series data spanning from 1987 to 1998. The author used parameter estimates
from each preceding year to generate predictions through both quarterly and annual data analysis.

In line with the first objective, trend analysis using descriptive statistics is applied to identify and understand
patterns in MSW generation over the 24-month period using Microsoft Excel. The analysis examined monthly
fluctuations relative to the annual mean, deviations from the mean, percentage variation, and classification of
MSW generation levels to detect temporal and seasonal patterns. In addition, a Linear Trendline and coefficient of
determination (R?) are used to assess the presence or absence of long-term growth trends in MSW generation.
Subsequently, four forecasting methods, the Linear Trendline, three month-SMA, Seasonal Naive and Holt-Winters
Additive, are employed to forecast MSW generation up to 2026. All models are implemented in MATLAB, where
the Linear Trendline model estimates future values based on the overall upward trend in the data, while the three-
month SMA model generates forecasts by averaging the three most recent observations. The Holt-Winters
Additive model produces smoothed components of level, trend, and seasonality to generate forecasted MSW
values, whereas the Seasonal Naive method serves as a benchmark by repeating observed values from the
corresponding month in the previous year [12]. To evaluate the reliability of the forecasts, the MAE, RMSE, and
MAPE are calculated, providing a quantitative measure of model accuracy. Finally, the results of the descriptive
trend analysis and the forecasting analysis, including the identified MSW patterns, the forecasted MSW values, and
the accuracy of each model, are synthesized and interpreted in relation to the research objectives.
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2.1 Trend Analysis Using Descriptive Statistics

Descriptive statistical techniques are employed to analyse the MSW generation patterns in Shah Alam over a 24-
month period. Measures such as the mean, deviation from the mean, percentage variation, and coefficient of
determination (R?) are used to summarize the monthly MSW generation data and identify temporal trends,
fluctuations, and seasonal variations. Descriptive statistics are widely used to summarize datasets and facilitate
the observation of patterns and trends in MSW generation [13]. The analysis is conducted using Microsoft Excel,
which is a practical and reliable tool for data organization, computation, statistical analysis, and data visualization
[14].

For each month, the actual MSW collected (in tons) is compared with the overall mean value for each
respective year. The deviation from the mean is calculated to measure the magnitude of difference, while the
percentage variation is used to standardize comparisons across months. These values are then categorized into
three classifications: Above Average, Below Average, and Normal. This classification framework helps in
identifying temporal MSW generation patterns, such as months with significantly higher or lower MSW volumes
than the average. Such descriptive insights are important to complement forecasting analysis, as they reveal short-
term fluctuations and provide a clearer understanding of seasonal or irregular waste generation behaviour [15].

2.2 Forecasting Methods

This section introduces the forecasting techniques applied in the study. Four methods are selected: Linear Trend,
three-month SMA, Seasonal Naive and the Holt-Winters Additive. Linear Trend and the three-month SMA
approaches belong to the class of classical time series forecasting methods often cited for their simplicity and
effectiveness in capturing growth or trend behaviour [16]. The Seasonal Naive method is a classical benchmark
approach, while the Holt-Winters Additive belongs to the exponential smoothing family of time series forecasting
methods [17]. The methods are detailed in the following subsections.

2.2.1 Linear Trendline

The Linear Trendline method was employed as a non-seasonal benchmark to forecast monthly MSW generation
for 2026. In the model, the independent variable x represents the month index (1- 24 for training), while the
dependent variable y denotes the total MSW collected in tons. A linear regression line was fitted to the training

data. The fitted model takes the general form shown in Equation 1.
y=mx+b (1)

In this equation, the parameter m indicates the average monthly rate of change in MSW generation, which
shows the rate of change in y with respect to x, as expressed in Equation 2.

_nQ@w)-E0Ey) (2)
n(X x?) — (¥ x)?

The parameter b represents the y - intercept, which is the value of y when x =0. It is computed using the
formula shown in Equation 3.

,_ Ly - mEx)
- n (3)

In this expression, n denotes the number of data points, while the summation symbol X indicates the total of
all values. Here, x and y represent the individual observations in the dataset. The model equation was then used
to forecast MSW generation for subsequent months beyond the observed period, corresponding to x =25-36
(January - December 2026).

2.2.2 Simple Moving Average

The SMA technique smooths fluctuations in historical data by averaging values over a fixed period [18]. A three-
month SMA is applied as a non-seasonal benchmark. For this research, this method is applied to highlight the
general direction of MSW growth while minimizing the effect of irregular variations. The use of SMA helps to
present a clearer trend of long-term waste generation patterns in Malaysia. The SMA serves as a common
technique for smoothing data trends. It is obtained by computing the arithmetic mean of a sequence of values
across a specified interval. Equation 4 illustrates the formula used for the SMA in this study.
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In this context, n represents the number of periods, refers to the 24 monthly intervals of MSW collection data
from Shah Alam in 2024 and 2025, as expressed in Equation 5.

X _,tx_, +Xx

SMA = (5)

x; denotes the observed value of the time series corresponding to period t.

2.2.3 Seasonal Naive

The Seasonal Naive method serves as a simple seasonal baseline. This method generates forecasts by repeating
the observed value from the same month in the previous seasonal cycle, making it a straightforward benchmark
for seasonal time series data. This method is widely used as a benchmark model for seasonal time series due to its
simplicity and transparency [19]. A similar formulation has also been applied in recent empirical studies such as
[20], where monthly forecasts are based on observations from the same month in the previous year. The forecast
equation is expressed as shown in Equation 6.

y T4h = V1sh—s (6)

where J,,, denotes the forecasted MSW value (in tons) at forecast horizon %, y,,, , is the actual observed

MSW value (in tons) from the same month in the previous year, T is the last time point in the training data, / is
the forecast horizon (number of months ahead being forecast, where 4 =1,2,3,...,12 for January to December
2026), and s is the seasonal period, which is set to s =12 for monthly data. For the out-of-sample test period
(September - December 2025), the forecast for each test month # was computed directly from the training data
as shown in Equation 7. A four-month sample was used to maintain adequate training data while enabling
independent out-of-sample forecast validation, consistent with practices in short time series forecasting
evaluation [17].

A~

yn+h =Yy s+h )

Mtrain —

where y, _ ., is the observed value from the same month one year prior within the training set, and

train

n.... =20 is the number of months in the training period. For the 2026 forecast, the model was applied to the full

train
24-month dataset, where each monthly forecast repeats the corresponding observed value from 2025, as
expressed in Equation 8.

)A}n-i—h = yn—s+h (8)

where y,_ ., is the observed MSW value (in tons) from the same month in 2025, n = 24 is the total number

of observed data points, and 4 =1,2,3,...,12 corresponds to January through December 2026. This approach

requires no parameter estimation and serves as a practical baseline for evaluating the performance of more
sophisticated forecasting methods.

2.2.4 Holt-Winters Additive

The Holt-Winters Additive method is an exponential smoothing technique designed for time series data exhibiting

both trend and seasonal components [19]. The model decomposes the series into three components: level (Lt ) ,
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trend (]7), and seasonal index (Sf), updated recursively using three smoothing parameters: « (level), S

(trend), and Y (seasonal). The equations are as shown in Equation (9) - (11).

L=a(y-S_)+(0-a)L +T) 9)
T; :ﬁ(Lt _Lx71)+(l_ﬂ)7:71 (10)
S,=y(y,-L)+1-p)S,, (11)

Equation (9) updates the level component by combining the current observation after removing seasonal
effects with the previous level adjusted by the trend. The parameter « determines the weight assigned to the most
recent observation, where a higher value places greater emphasis on recent data. Equation (10) updates the trend
component based on the change between the current and previous level values. The smoothing parameter £
controls how quickly the trend adapts to changes, with smaller values producing a smoother trend. Equation (11)
updates the seasonal component by capturing repeating patterns within each seasonal cycle. The parameter

regulates the rate at which the seasonal pattern is updated over time. The /i -step-ahead forecast is given in
Equation (12).

j>T+h = LT +hTT +ST+h—s (12)

where § denotes the seasonal period (12 months in this study). This equation shows that the future value is
obtained by combining the final estimated level, the projected trend over / periods, and the corresponding
seasonal effect. The level provides the baseline at time T, the trend extends this baseline into the future, and the

seasonal component adjusts the forecast according to the recurring monthly pattern. In this study, the smoothing
parameters were set as ¢ =0.2, f=0.1,and y =0.2. According to [19], the Holt-Winters model employs these

three smoothing parameters, which are constrained within the interval [0,1]. The initial values were determined
using a standard approach, where the initial level was estimated as the mean of the first seasonal cycle. The initial
trend was computed based on the difference between successive cycle averages, while the initial seasonal indices
were obtained as deviations from the initial level. The model was first fitted using a 20-month training dataset
(January 2024 - August 2025) with a seasonal period of s =12 months, to generate out-of-sample forecasts over
a 4-month test period (September - December 2025) for model validation. Upon confirming satisfactory forecast
accuracy, the model was subsequently refitted using the full 24-month dataset (January 2024 - December 2025)
to produce a 12-month ahead forecast for the year 2026.

2.3 Accuracy Metrics

To evaluate the reliability of the forecasting results, three accuracy metrics are employed: MAE, RMSE, and MAPE.
These metrics are widely used in time series forecasting to measure the deviation between observed and
forecasted values, with lower values indicating higher accuracy [21]. The formulae are presented in Equations
(13), (14), and (15) respectively.

(13)

(14)
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A

Yi Y

Yi

1 n
MAPE = —Z x100% (15)

n -

where ), represents the actual MSW value (in tons) collected from KDEBWM for each month of the test

period, )A/,. is the forecasted MSW value generated by the Seasonal Naive and Holt-Winters Additive methods, and

n is the number of observations in the test set (7 = 4). MAE measures the average magnitude of errors in the
same unit as the data. RMSE assigns greater penalty to larger errors due to the squaring of residuals. MAPE
expresses the error as a percentage of the actual value, enabling intuitive interpretation of model accuracy
regardless of data scale. The method with the lowest values across all three metrics is considered the most
accurate for forecasting MSW generation in 2026.

3. Results and Discussion

In this section, the outcomes of the forecasting analysis are presented, focusing on three key aspects. First, the
results of the descriptive statistical trend analysis are presented. The second segment highlights the Linear
Trendline, three-month SMA, Seasonal Naive and Holt-Winters Additive forecast results, as well as the predictive
performance of these techniques in estimating MSW generation based on historical data. The third segment
evaluates the MAE, RMSE, and MAPE results of all forecasting approaches to determine their accuracy and
reliability for future MSW generation predictions.

3.1 Trend Analysis of Municipal Solid Waste Generation

The descriptive statistical analysis of MSW generation in Shah Alam for 2024 reveals distinct temporal patterns
characterized by interspersed with seasonal deviations. As presented in Table 1, the annual mean MSW generation
stood at 18,070.21 tons per month, with monthly values ranging from 17,164.83 tons in September to 19,100.93
tons in January, yielding a variation range of 1,936.10 tons. Monthly deviations from the mean exhibited three
distinct classification patterns. Seven months fell within the normal classification range of *3% variation,
including March, April, July, August, October, November and December. However, significant positive deviations
were recorded in January and May. January's peak can be attributed to post new year disposal activities, when
households typically generate more MSW from packaging materials, decorations, and food residues, while May's
elevation aligns with Hari Raya Aidilfitri celebrations, which result in substantial increases in food waste,
packaging materials, and household discards. These patterns are consistent with [22], who highlighted that
temporal factors such as festive and holiday periods significantly influence variations in MSW generation.

Conversely, three months demonstrated negative deviations: February, June, and September marking the
lowest monthly MSW generation. These troughs may reflect post festive recovery periods or shifts in domestic
consumption during school holidays. The presence of such seasonal variations aligns with findings in prior studies
by [23], where the authors mentioned that the timing of seasons and temporal factors significantly impact waste
generation.

Table 1 Monthly MSW generation data, deviations, and classification for Shah Alam, 2024

Month Actual Data Deviation Percentage Classification
(tons) from Mean Variation (%)
January 19,100.93 1030.72 5.70 Above Average
February 17,385.29 -684.92 -3.79 Below Average
March 18,253.29 183.08 1.01 Normal
April 17,806.10 -264.11 -1.46 Normal
May 18,926.55 856.34 4.74 Above Average
June 17,354.55 -715.66 -3.96 Below Average
July 18,504.11 433.90 2.40 Normal
August 17,804.25 -265.96 -1.47 Normal
September 17,164.83 -905.38 -5.01 Below Average
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Month Actual Data Deviation Percentage Classification
(tons) from Mean Variation (%)
October 18,153.08 82.87 0.46 Normal
November 17,910.20 -160.01 -0.89 Normal
December 18,479.36 409.15 2.26 Normal

The low coefficient of determination (R? = 0.0285) indicates the absence of significant long-term growth,
suggesting that MSW generation in this municipality remains relatively stable across the annual cycle, where low
R? values in environmental and social datasets reflect high variability rather than a complete lack of significance
[24],[25]. The MSW generation pattern demonstrates that above average months constitute only 16.67% of the
annual cycle, while below average months represent 25%, with the majority maintaining normal generation
levels. This characteristic is typical of mature urban areas with stable populations, where MSW generation
responds primarily to consumption patterns driven by festive calendars and holiday cycles rather than population
growth or economic expansion [26].

Table 2 Monthly MSW generation data, deviations, and classification for Shah Alam, 2025

Month Actual Data Deviation Percentage Classification
(tons) from Mean Variation (%)
January 19892.76 -1082.42 -5.16 Below Average
February 17872.33 -3102.85 -14.79 Below Average
March 21528.34 553.16 2.64 Normal
April 21054.53 79.35 0.38 Normal
May 21569.77 594.59 2.83 Normal
June 20550.55 -424.63 -2.02 Normal
July 21963.83 988.65 4.71 Above Average
August 20638.32 -336.86 -1.61 Normal
September 21027.3 52.12 0.25 Normal
October 22327.75 1352.57 6.45 Above Average
November 21010.14 34.96 0.17 Normal
December 22266.57 1291.39 6.16 Above Average

The descriptive statistical analysis of MSW generation in Shah Alam for 2025 indicates an increase compared
to 2024, reflecting the continued effects of urbanisation and rising consumption patterns. As shown in Table 2,
the monthly average in 2025 was 20,975.18 tons, with values ranging from 17,872.33 tons in February to
22,327.75 tons in October, resulting in a wider variation range of 4,455.42 tons than in 2024. Monthly deviations
from the mean show three patterns. Seven months (March, April, May, June, August, September, and November)
fall within the normal range. Three months, July (4.71%), October (6.45%), and December (6.16%) are classified
as above average, likely due to increased household activity during school holidays and higher consumption
during year-end festive periods. These patterns are consistent with [22], who emphasised the role of seasonal
factors in MSW variation. In contrast, January (-5.16%) and February (-14.79%) fall under below average, with
February showing the largest deviation across both years, possibly due to reduced post-festive consumption [23].
The coefficient of determination for 2025 (R? = 0.3676) is higher than in 2024 (R? = 0.0285), indicating a stronger
linear relationship in the 2025 data. The positive slope of the trendline suggests a moderate upward trend. This
observation is consistent with findings by [27] and [28], which associate MSW growth with urban expansion.
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104 Actual Municipal Solid Waste Time Series (2024-2025) with Overall Trend
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Fig. 1 Actual municipal solid waste time series (2024-2025) with overall trend

Fig. 1 provides a visual representation of the 24-month MSW time series for Shah Alam. The figure illustrates
the upward shift in MSW generation from 2024 to 2025, with 2025 monthly values consistently exceeding those
of the corresponding months in 2024 from March onward. The total MSW in 2025 reached 251,703 tons, an
increase of 16.1% from 216,841 tons in 2024, highlighting the need for accurate multi-year forecasting in MSW

management planning.

3.2 Linear Trendline Forecasting Results

The linear trend model fitted to the full 24-month training dataset data produced the regression equation shown

in Equation 16.

y = 203.7x + 16,976.46

(16)

where y represents the monthly MSW in tons and x is the month index (1 - 24). The slope of 203.70 tons per
month indicates that MSW generation in Shah Alam increased at an average rate of approximately 203.70 tons per
month over the two-year observation period. The intercept b = 16,976.46 represents the baseline level of MSW
when x = 0. Using this equation, monthly forecasts for 2026 (January - December; x = 25 - 36) were generated.

Table 2 presents the monthly Linear Trendline forecasts for 2026.
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Table 3 Linear trendline forecast for MSW generation

Month Linear Trendline

Forecast (tons)

December 22,069
February 22,273
March 22,476
April 22,680
May 22,884
June 23,087
July 23,291
August 23,495
September 23,699
October 23,902
November 24,106
December 24,310
Annual Total 278,271

The forecasted values ranged from 22,069 tons in January 2026 to 24,310 tons in December 2026, indicating
an increasing pattern of MSW generation. This progressive increase reflects the positive slope of the model and
produces an increasing forecast trend. For visualization of the trend, Fig. 2 illustrates the comparison between the
actual MSW data and the Linear Trendline forecasts.

1t Actual Municipal Solid Waste Data (2024-2025) and Forecasted MSW for 2026 using Linear Trendling
T 1 T I | T T T T I I T T T

T T
— 8 fuual F0E4- 2025
—8— Linnar Trand ine Monscast 20 (Folal: 37071 ol
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& —Tesl Fredoion [MAPE=24T%H1
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N S R 1 1 L1
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Fig. 2 Actual municipal solid waste data (2024-2025) and forecasted MSW for 2026 using linear trendline

The results suggest that the Linear Trendline method provides a simplified forecast of MSW generation. As
shown in Fig. 2, the Linear Trendline produces a uniformly rising forecast that follows direction of the historical
data. The comparison between the 2024-2025 actual data and the 2026 forecast highlights the actual MSW values
showed wide variations that were likely influenced by seasonal, operational, or behavioral factors such as festive
seasons, changes in collection efficiency, and population behavior [29]. By contrast, the Linear Trendline used in
the forecasting process smooths out these fluctuations, producing more stable estimates. This makes the forecast
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useful as a benchmark reference, although it tends to underestimate peak months and overestimate low months
[30]. In summary, while the Linear Trendline method provides a straightforward forecast of MSW generation,
showing a stable pattern around 23,189 tons per month in 2026 with an upward slope, it may oversimplify the
dynamics of MSW generation, since traditional forecasting methods often struggle to capture the complex patterns
and fluctuations inherent in real-world time series data [16].

3.3 Simple Moving Average Forecasting Results

The SMA method is an approach for smoothing out short-term fluctuations and highlighting longer-term trends
in a time series [31]. A three-month period SMA was selected for this forecast. The selection of a three-month
window is common for monthly data as it effectively captures recent trends without over-smoothing, thus
providing a responsive yet stable forecast [32]. The resulting forecasts are presented in Table 4, with an annual
total of approximately 262,233 tons.

Table 4 Three-month SMA forecast for MSW generation

Month SMA Forecast
(tons)
January 21,868
February 21,715
March 21,950
April 21,844
May 21,836
June 21,877
July 21,853
August 21,855
September 21,862
October 21,856
November 21,858
December 21,859
Annual Total 262,233
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Fig. 3 Actual municipal solid waste data (2024-2025) and forecasted MSW for 2026 using SMA
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Fig. 3 illustrates the application of the SMA method to forecast MSW generation in 2026 produced values that
are consistent, with forecasts clustering around 21,853 tons per month. This outcome reflects the inherent nature
of SMA, which smooths short-term variability by averaging recent observations [33]. Unlike the Linear Trendline
method, which imposes a directional trend across time, the SMA approach prioritizes local patterns, effectively
reducing the “noise” observed in the 2024-2025 dataset [34]. As a result, the forecasts present a stable pattern
that is easy to interpret and apply for short-term planning purposes. However, the SMA technique, which is based
solely on recent observations and excludes seasonal effects, often fails to reflect actual fluctuations in waste
generation. As a result, temporary surges during festive periods or reductions arising from operational changes
in collection practices are not adequately represented. While the SMA method provides ease of application and
short-term stability, it remains limited in capturing long-term structural changes or pronounced seasonal
variations in municipal solid waste generation [35]. Overall, the SMA provides a practical and straightforward
forecasting tool that balances simplicity with moderate accuracy.

3.4 Seasonal Naive Forecasting Results

The Seasonal Naive forecast for 2026, presented in Table 5, was constructed by carrying forward the
corresponding monthly values from 2025 in accordance with Equation 8.

Table 5 Seasonal naive forecast for MSW generation

Month Seasonal Naive Forecast
(tons)
January 19,893
February 17,872
March 21,528
April 21,055
May 21,570
June 20,551
July 21,964
August 20,638
September 21,027
October 22,328
November 21,010
December 22,267
Annual Total 251,702
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Fig. 4 Actual municipal solid waste data (2024-2025) and forecasted MSW for 2026 using seasonal naive

As illustrated in Fig. 4, the Seasonal Naive forecast replicates the seasonal shape observed in 2025, preserving
month-to-month peaks. However, since the method carries forward the 2025 values without any trend correction,
it systematically underestimates 2026 MSW generation. Given that the data exhibit a consistent monthly growth
rate of approximately 203.70 tons per month, forecasting 2025 values directly into 2026 ignores one full year of
accumulated growth. Seasonal Naive forecasts are useful for benchmarking models and are commonly employed
as baseline methods for evaluating forecasting performance [36].

3.5 Holt-Winters Additive Forecasting Results

The Holt-Winters Additive model was trained on months 1-20 with smoothing parameters « = 0.2, f =0.1,and
¥ =0.2 [19]. The 2026 monthly forecasts generated by this model are presented in Table 6, with an annual total
of approximately 281,710 tons.
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Table 6 Holt-winters additive forecast for MSW generation

Month Holt-Winters Additive
Forecast (tons)
January 23,286
February 21,712
March 23,231
April 22,888
May 24,036
June 22,711
July 24,052
August 23,402
September 23,112
October 24,305
November 24,046
December 24,930
Annual Total 281,710
«10% Actual Municipal Solid Waste Data (2024-2025) and Forecasted MSW for 2026 using Holt-Winters Additive
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Fig. 5 Actual municipal solid waste data (2024-2025) and forecasted MSW for 2026 using Holt-Winters additive

The Holt-Winters Additive forecast, illustrated in Fig. 5, produces a 2026 forecast that reflects both the
upward trajectory of the data and the recurring seasonal pattern. February 2026 records the lowest forecasted
monthly volume at 21,712 tons, reflecting the lower MSW generation period prior to the festive season, consistent
with the seasonal variation characteristics commonly observed in MSW generation patterns [37]. December 2026
yields the highest forecasted volume at 24,930 tons, reflecting accumulated trend growth combined with the
seasonal elevation characteristic of the year-end period. Festive-related months such as May 2026 (24,036 tons),
July 2026 (24,052 tons), and October 2026 (24,305 tons) also record elevated forecasted values, mirroring the
seasonal peaks identified in the historical data and reflecting increased consumption activities during holiday
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periods [38]. The annual total of 281,710 tons represents an increase of approximately 30,007 tons (11.9%) over
the 2025 actual total of 251,703 tons, reflecting the sustained growth trajectory of MSW generation in Shah Alam,
which is consistent with the increasing MSW generation trend reported in Malaysia due to urbanisation,
population growth, and changing consumption patterns [39].

3.6 Accuracy Evaluation

The forecasting performance of all four models was evaluated using the four-month out-of-sample testing period
(September to December 2025). Three error metrics were used: MAE, RMSE, and MAPE. The results are
summarised in Table 7.

Table 7 Forecast accuracy metrics for out-of-sample testing (September-December 2025)

Model MAE (tons) RMSE (tons) MAPE (%) Seasonal
Linear Trendline 541.053 618.086 2.47 No
Three month-SMA 568.506 709.208 2.57 No
Seasonal Naive 3,731.07 3,751.64 17.21 Yes
Holt-Winters Additive 605.358 705.974 2.79 Yes

The Holt-Winters Additive model achieved a MAE of 605.358 tons, an RMSE of 705.974 tons, and a MAPE of
2.79%, while the Seasonal Naive model recorded larger errors, with a MAE of 3731.072 tons, an RMSE of 3751.637
tons, and a MAPE of 17.21%. The Linear Trendline model produced the lowest overall errors, with a MAE of
541.053 tons, an RMSE of 618.086 tons, and a MAPE of 2.47%, followed closely by the three-month SMA model
with a MAE of 568.506 tons, an RMSE of 709.208 tons, and a MAPE of 2.57%. Although the Linear Trendline model
recorded the smallest forecasting errors, it does not account for seasonal fluctuations in the MSW data. Similarly,
the three-month SMA model produced relatively low errors but tends to smooth the data excessively, causing the
forecasts to react more slowly to changes in the data pattern. In addition, the SMA model does not explicitly
incorporate seasonality [40],[41].

Based on the guideline by [21], a MAPE value below 10% indicates high forecasting accuracy. Therefore, the
Holt-Winters model can be considered accurate, whereas the Seasonal Naive model demonstrates relatively poor
predictive performance. The large difference in error values can be explained by the limitations of the Seasonal
Naive approach. Since each forecast is based solely on the value from the same month in the previous year, the
model is unable to capture the upward trend observed between 2024 and 2025. As a result, all forecasts for the
testing period underestimate the actual observed values. In contrast, the Holt-Winters model updates its level and
trend components throughout the training process. This allows the model to adapt to the increasing pattern in the
data and produce forecasts that are closer to the observed values. The RMSE results further support this finding.
The lower RMSE value for the Holt-Winters model indicates not only smaller average errors but also fewer large
deviations. This is particularly important in MSW management planning, where large forecasting errors may lead
to inefficient resource allocation, insufficient capacity planning, and suboptimal collection operations [42].
Overall, based on all three-evaluation metrics, the Holt-Winters Additive model is identified as the more reliable
approach for forecasting MSW generation in Shah Alam. Its forecasts for 2026 are therefore more suitable for
supporting future MSW management planning decisions.

4. Conclusion

This study analysed MSW generation in Shah Alam and applied four forecasting methods, the Linear Trendline,
three month-SMA, Seasonal Naive and Holt-Winters Additive, using 2024 and 2025 data from 56 collection zones.
Results showed that the Linear Trendline and three-month SMA models produced relatively low forecasting
errors but were limited in capturing seasonal variation in the data. Results showed that the Holt-Winters Additive
model provided significantly higher accuracy, making it suitable for forecasting under seasonal variation with an
upward trend. The findings indicate that simple models like Seasonal Naive cannot capture trend and thus
produce poor forecasts when the data shows consistent growth. This research provides a baseline reference for
Shah Alam's MSW management and underlines the need for integrating advanced time-series approaches in future
studies to improve forecasting precision and sustainability outcomes.
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