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ABSTRACT

Malaysia experiences recurring floods with numerous issues that have surfaced annually. The
rapid overflow of river water necessitates monitoring abnormal levels with a visualization tool
as an alarm system. This study utilized a control chart approach to monitor the Klang River's
water level in Taman Sri Muda for a signal of potential flood occurrence. Aiming to identify a
suitable method, this study compares several residual-based control charts to achieve the
purpose. Due to the autocorrelation issue that might cause false alarms, this study emphasizes
the implementation of control charts based on residuals. The control chats were developed based
on the residual observations obtained from the best time series model, ARIMA (1,1,1),
involving the Mean Shewhart (I-Shewhart), Moving Average (MA), and Exponential Weighted
Moving Average (EWMA). The results show that EWMA Residual with A=0.05 is found to
have the best performance compared to other control charts; followed by EWMA Residual with
2=0.1 and the I-Shewhart Residual with a detection score of 7.1, 3.84, and 3.56 percent
respectively. The results revealed that the detected water level anomalies occurred dominantly
in April, October, and November. The study emphasizes the efficiency of early signals produced
by the control charts in detecting abnormal water levels by visualizing their occurrence and
behaviour in the Klang River at the study location.

Keywords: anomaly; autocorrelation; control chart; floods; river water level

ABSTRAK

Malaysia mengalami banjir berulang dengan pelbagai isu yang timbul pada setiap tahun.
Limpahan air sungai yang cepat memerlukan pemantauan tahap yang tidak normal dengan alat
visualisasi sebagai sistem amaran. Kajian ini menggunakan pendekatan carta kawalan untuk
memantau aras air Sungai Klang di Taman Sri Muda terhadap kemungkinan berlakunya banjir.
Dengan matlamat untuk menghasilkan kaedah pengesanan yang sesuai, kajian ini
membandingkan beberapa carta kawalan berasaskan data reja untuk mencapai tujuan ini.
Disebabkan isu autokorelasi yang mungkin menyebabkan amaran palsu, kajian ini menekankan
aplikasi carta kawalan yang berasaskan data reja sebagai teknik untuk membina carta kawalan
kualiti. Carta kawalan dibangunkan berdasarkan data reja yang diperoleh daripada model siri
masa terbaik iaitu ARIMA (1,1,1), meliputi Mean Shewhart (I-Shewhart), Moving Average
(MA), dan Exponential Weighted Moving Average (EWMA). Hasil kajian menunjukkan carta
kawalan reja EWMA dengan 2=0.05 didapati memberikan prestasi terbaik berbanding carta
kawalan yang lain; diikuti oleh carta kawalan reja EWMA dengan 2=0.05 dan carta kawalan I-
Shewhart dengan peratus skor pengenalpastian 7.1, 3.84 dan 3.56 masing-masing. Keputusan
analisis mendapati anomali paras air sungai berlaku secara dominan dalam bulan April, Oktober,
dan November. Kajian ini menekankan kecekapan isyarat awal yang dihasilkan oleh carta
kawalan melalui visualisasi dan tingkahlaku paras air yang tidak normal di Sungai Klang di
lokasi kajian.
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1. Introduction

Malaysia, a Southeast Asian country with a tropical climate and diverse geography, faces
significant challenges from recurring floods, typically occurring from November to March
(Northeast Monsoon) and May to September (Southwest Monsoon). However, Asmat et al.
(2021) disclose that climate changes extend flood durations beyond these seasons. The
combination of heavy rainfall, unique topographical features, and human activities contributes
to the vulnerability of various regions in Malaysia to flooding. The relationship between river
water levels and floods is critical for understanding and predicting flood events (Ahmed et al.
2022). River water levels that exceed the Upper Control Chart Limit (UCL) or below the Lower
Control Limit (LCL) are relatively known as anomalies or abnormal levels (Kadri et al. 2016).
The river water levels are typically collected every minute, with hourly and daily data treated
as univariate time series variables. A study by Bjelonja (2021) proposed control charts to
monitor these levels as an early flood warning. However, data collected at intervals often exhibit
positive autocorrelation (Lowry & Montgomery 1995), negatively impacting the control chart's
evaluation of the statistical process (Sharifuddin et al. 2019). Autocorrelation increases the
occurrence of false alarms, where abnormal points are detected without any real irregularities
(Horng Shiau & Ya-Chen 2005; Shaadan et al. 2015). This provides the need for an approach
to mitigate autocorrelation effects for monitoring the river water level over time.

Several researchers adopted quality control charts (Mehmood et al. 2020; Yusuf et al. 2020)
to monitor flood risk indexes. These charts are widely used in environmental studies to help
track data over time, identify trends, and detect anomalies for environmental management
purposes. Walter Shewhart's control chart, developed in the 1920s, is valuable for monitoring
flood variability and issuing early warnings. The application compares historical and current
data to assess whether variations fall within control limits. Generally, the control charts are
categorized into two main types: the memory-less control chart and the memory type (da Cunha
Alves et al. 2019). The Shewhart control chart is an example of a memory-less chart, which
relies solely on current data and exhibits less sensitivity to small-to-moderate shifts but displays
enhanced capability in detecting large shifts in independent and normally distributed processes
(Gove et al. 2013). Conversely, memory-type control charts utilize current and past
information, demonstrate greater sensitivity in detecting small to moderate shifts (Riaz et al.
2011), and exhibit robustness against control chart assumptions (Horng Shiau & Ya-Chen
2005). However, the control charts were less effective in identifying large shifts (Mehmood et
al. 2020).

Numerous authors have proposed various methods to address autocorrelated data within the
statistical process control environment (Grimshaw 2023; Silpakob et al. 2023; Sabahno &
Celano 2023; Sheu et al. 2023). Some approaches fit the time series model to the dataset and
obtain the residual to establish the control chart such as those discussed by Zaidi et al. (2023)
and Nguyen et al. (2023). A residual control chart is a tool used to monitor the residuals, which
are the differences between observed and predicted values by a statistical model. Concerning
an autocorrelation issue, residual control charts are commonly employed after applying a time
series model to account for autocorrelated errors. The residuals control chart offers a clearer
view of the underlying process behavior by accounting for autocorrelated errors, thereby
ensuring more accurate and reliable statistical process control (Jafarian-Namin et al. 2021). The
application of the Individual Mean Shewnhart (I-Shewhart) control chart, Moving Average (MA)
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control chart, Exponentially Weighted Moving Average with A=0.05, 0.10, and 0.20 (EWMA)
control chart using the time series model (Residual) are briefly explained to improve the
performance of control charts in the methodology section.

Generally, this study employs autocorrelation removal with the time series model (Residual)
on the three different control charts that is Individual Mean Shewhart (I-SHEWHART) control
chart, the Moving Average (MA) control chart, and the Exponentially Weighted Moving
Average (EWMA) control chart. Besides handling the autocorrelation problems, this study
helps to determine the most appropriate control chart for monitoring the river water level to
serve as an early warning system in assisting responsible bodies in reducing the impact of floods
on communities and the environment when dealing with autocorrelated data.

2. Research Methodology

2.1. Materials and Methods

This research utilized a secondary dataset collected over five years, consisting of hourly
recorded data from 2017 to 2022, sourced from the Department of Irrigation and Drainage
(DID). The variable under investigation was the hourly water levels, measured in meters per
hour (m/h), as outlined in Table 1.

Table 1: Data description

Variable Name Types of Data Unit of Measurement Description
Quantitative: The hourly data recorded
Continuous data each day

River Water Level Meter per hour (m/h)

The research area chosen for this study focuses on data from the telemetry station located at
Taman Sri Muda along the Klang River, as depicted in Figure 1, created using ArcGIS software.
Situated within the Klang district, this telemetry station monitors the main and sub-river basin
of the Klang River. The details of the station utilized in this study are presented in Table 2.
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Figure 1: The telemetry stations of river water level in Selangor
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Table 2: Summary of telemetry stations of river water level

Station Identification Station Name District Main Basin
Klang River at
3015432 Taman Sri Muda

Klang Klang River

2.2. Materials and methods

The hourly river water level dataset is transformed into a new series of univariate daily mean
datasets from 2017 to 2019 and divided into two parts where the dataset from the year 2017 to
2018 was used for Phase | analysis to obtain an in-control process and serve as a baseline or
reference for understanding the unusual behaviour of river water levels in Phase Il. The
remaining data in the year 2019 is used for Phase Il analysis for control charting, comparative
analysis, and monitoring of the abnormal records of river water level behaviour. Table 3
describes a two-phase approach in the data analysis to achieve the research objectives. Before
conducting the analysis, the missing values are treated with the mean values.

Table 3: Process flow of control chart establishment

Process

Steps Phase I: Obtaining Normal Daily Mean River Water Level Dataset

The mean river water level from the year 2017-2018 dataset with the estimation of
the normal process means value p and standard deviation o were obtained by
1 traditional outlier removal using the boxplot method. The outliers are removed from
the initial daily mean river water level dataset and the normal Quantile-Quantile Plot
(Q-Q plot) is performed to confirm the data normality.
An approach of autocorrelation treatment is considered for the river water level
dataset using residuals to fulfill the i.i.d process of control charting. The reference
time series model with the best-fit model of ARIMA (1,1,1) is built based on the
normal mean river water level dataset.
In-control residual mean river water level dataset of ARIMA (1,1,1), n=696 are
obtained in Phase 1 analysis after achieving normality assumption and i.i.d process.
Phase I1: Control Charting, Performance Comparison Analysis and
Application
The testing dataset of river water level from the year 2019 was utilized in the Phase
11 control charts for monitoring whereby the control limits obtained from a normal
process in Phase | were used in Phase Il. This testing dataset typically includes
anomalous data due to its association with irregular processes.
The new dataset using testing data (2019, n=365) based on the reference time series
5 model based on the best-fitted model of ARIMA (1,1,1) in Phase | is obtained for
autocorrelation removal treatment.
The control chart limits (UCL, LCL) are calculated based on the in-control process
6 mean (W) and standard deviation (o) residuals of the reference time series model in
Phase I.
The Individual Mean Shewhart residual (1-Shewhart residual) control chart, Moving
Average residual (MA residual) control chart, and Exponentially Weighted Moving
Average residual (EWMA residual) control chart are constructed to address
autocorrelation effects using the best fit time series models of ARIMA (1,1,1).
The different parameters of 1 are applied in the EWMA control chart since the
weighting factor, A directly affects the results obtained (Ozilgen et al. 2013). A
smaller value of A leads to a smoother plot by giving older data more weight and
recent data with less weight. Therefore, the parameters of 1=0.05, 0.10, and 0.20
proposed by (Montgomery 2019) are constructed in the EWMA residual control
chart to achieve better results compatible with the study of river water levels.
The control chart performance is compared based on the results of the detection score
(percent detection) reflecting the sensitivity power of the chart.
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Table 3 (Continued)
The capability of a control chart is identified based on the control chart's

9 performance
The confirmation of abnormalities is validated in the application analysis through
10 monitoring with the optimal control chart, which is determined after identifying the

most reliable control chart

2.3. Autocorrelation treatment using residuals

In this study, an initiative to reduce the autocorrelation effect in control charts is considered in
establishing the control charts to overcome false alarms. The false alarms referred to incorrect
detected anomalies which can lead to misleading alerts. In monitoring systems or control charts
applications, false alarms can lead to unnecessary actions or interventions (Magaji et al. 2015).
The serial correlation in the data was found to be the cause of false alarms to occur (Lu &
Reynolds 1999). Thus, to overcome the effect of data autocorrelation, this study employed the
control chart development based on residuals.

The time series ARIMA model is obtained and the control charts will be applied to the
residuals produced by the models. Since a time series model takes into account the correlated
process data over time, this approach enables the creation of a robust control chart that can
effectively distinguish between normal process variation and signals indicating that the process
is moving out of control without false alarms (Chen & Yu 2019). The best fit ARIMA (p, d, q)
model where p is denoted as an autoregressive component, d as a differencing component, and
g as a moving average component were computed using the R software with the ARIMA
forecast package using auto.arima function that fits the best ARIMA model to the univariate
time series. Next, the Individual Mean Shewhart residual (I-Shewhart residual) control chart,
Moving Average residual (MA residual) control chart, and Exponentially Weighted Moving
Average residual with 1=0.05, 0.10, and 0.20 (EWMA residual) control chart were established
in this study.

2.3.1. I-Shewhart residual control chart

The residual data is extracted from the autocorrelated data of daily mean river water level data
based on the best-fit model of ARIMA (1, 1, 1). The central line (CL) that represents the mean
of the residuals and control limits (UCL and LCL) are obtained to plot the residual control
charts as follows:

CL = Xresiqual (1)

Where X,esiquq: 1 the mean of residuals of m samples. Nonetheless, the structure of UCL and
LCL is involved with the average of moving range statistics. Therefore, the moving range
values and the average of the moving range are present as MR; = | X; residual — Xi residual—1l

and MR = % Thus, the UCL and LCL are given as follows:
_ MR
UCL = Xresigual + 3 d_z (2)
_ MR
LCL = Xyesiqual — 3d_2 (3)

d, refer to the factors for the centre line.
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2.3.2. MA residual control chart

This chart is a statistical tool used in quality control to monitor and control a process based on
the residuals of a moving average model. This type of control chart is designed to detect unusual
patterns or trends in the residuals, which represent the differences between observed values and
the corresponding values predicted by a moving average model. The moving average (M;)
values are computed after obtaining the residual data based on the best-fitted time series model
of ARIMA (1,1,1). The M; statistics are computed based on the residual data with the span (w)
at the time { where the span (w) indicates how much the moving average is used. The M;
statistics are defined by:

M, =% residualt Xiresidual-1t""*X1 residual-w+1 (4)
L w

The same span as the AR1 control chart is applied to the residual control chart which is w =
2. The mean and standard deviation of residual data from the residual in-control dataset of
Phase | are used in control charting. The central limit of the MA residual control chart was
denoted by the mean of the residual data as Eq. (1). While the LCL and UCL are mentioned as:

UCL = pg + j—“’; (5)
3
LCL = po — 1= (6)

where the p, was the mean of the in-control residual dataset or the CL obtained based on Eq.
(1). Besides, UCL and LCL are often set based on statistical principles, such as +3 standard
deviations from the mean.

2.3.3. EWMA residual control chart

An Exponentially Weighted Moving Average (EWMA) Residual Control Chart is effective in
detecting abnormalities with small or gradual shifts and large or abrupt shifts (Zhou & Tang
2016). This chart is useful when there is a need to give more weight to recent observations in
detecting subtle changes in the process since this chart used all the information of previous data
to establish the control chart.

Zi = A X resiqual + (1 — ) z;_4 (7)

where i was the sample number and A was a smoothing constant weighting factor. Equivalent
to the EWMA ARL1 control chart, the 1 suggested by Montgomery (2019) is applied in the
EWMA Residual control chart that is as 2=0.05, 0.10 and 0.20. The initial Z; is denoted as Z,
since there was z;_, when i = 1. Therefore the Z,, (starting value) was taken equal to the mean
of the target value u, or the average of residual data. Where the u, is corresponding to the CL,
LCL and UCL as follows:

m
_ Zi:1 Xresidual

CL=Uy = Xresiqual = = (8)

m

UCL = pg + Loa\/(z%l) [1—(1—2A)2] 9)
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A

LCL = py — Loa\/(z_l) [1-(1-2)2] (10)

The size of the sigma limit (L=3) is used to determine the width of the EWMA limits and ¢ was
the process standard deviation (Montgomery 2019).

3. Research Methodology

The presence of autocorrelation is shown in each year based on the autocorrelation function
(ACF) plot depicted in Figure 2. In 2017 and 2018, not all lags exceeded the significance level
of 0.05, unlike in 2019 where all lags surpassed the level. However, across all ACF plots, there
was a seasonal cyclical autocorrelation pattern in the river water level data. In 2017, there was
a prominent peak correlation coefficient at lag 0, followed by a rapid decline in correlation until
lag 4, indicating a weaker correlation below 0.4. Subsequently, it became negative at lag 6
before gradually rising again at lag 11. This suggests that there was the presence of both positive
and negative autocorrelation between the lags in 2017. Additionally, the river water level data
in 2019 exhibited the highest positive correlation among the lags compared to 2017 and 2018.
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Figure 2: Autocorrelation function (ACF) plot of daily mean river water level in Klang River at Taman Sri Muda
annually (period 2017-2019)

The above insights are confirmed based on the results of the Durbin-Watson test depicted in
Table 4. The test was conducted based on the residual data of a regression function by treating
water levels and time as the dependent and the independent variables respectively. At a 5%
significance level, the small p-values (0.0001), which is less than 0.05, provide evidence that
the serial correlation is significant for the series of river water levels of each year. This is shown
by the p-value obtained less than the 5% significance level.

Recall that, the first two years of data (2017-2018) were utilized for Phase | control chart
analysis to obtain normal process data so that the in-control control limits LCL, CL, and UCL
can be established. The data from 2019 was used for control charting in Phase Il, employing
the control limits established in Phase I, and then determining the most suitable control chart
for monitoring river water levels.
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Table 4: Summary of Durbin Watson Test of mean daily river water level in Klang River at Taman Sri Muda
annually (period 2017-2019)

Year Durbin-Watson Statistics p-value
2017 0.5578 0.0001
2018 0.3861 0.0001
2019 0.1924 0.0001

The boxplot method was employed in Phase | analysis to identify outliers in the dataset. The
upper part of Figure 3 illustrates several outliers detected above the upper limits of the boxplot,
suggesting a slight positive skewness in the data. Additionally, the Normal Q-Q plot indicates
deviations from the normality assumption due to outliers, as some sample quantile points
deviate from the reference quantiles of the Normal distribution line. This suggests that the daily
mean river water level data from 2017 to 2018 were not normally distributed. Subsequently,
outliers were identified primarily in mid-October, specifically on the 10", 11™", and 12", as well
as in November, with river water levels ranging from 2.25 to 2.70 m/h. These outliers were
removed from the dataset giving a symmetric distribution exhibited in the lower part of Figure
3. This outcome confirms the achievement of a normal dataset in Phase I. After removing the
outliers, the total number of observations decreased from n=730 to n=722. The remaining data
represent the observations under stable or normal conditions so that the control limits computed
based on these observations can be used for monitoring in Phase II.
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Figure 3: Boxplot plot and normal Q-Q plot of daily mean river water level in Klang River at Taman Sri Muda
before and after removing outliers (period 2017-2018)

The Durbin Watson test in Table 4 confirmed that the river water level data at the Klang
River telemetry stations in Taman Sri Muda exhibited autocorrelation over time. Therefore,
when applying control charts to this dataset, it is crucial to address autocorrelation, as it can
result in more false alarms or incorrect signals during monitoring. Next, the subsequent analysis
in Phase Il aims to explore how data autocorrelation affects the performance of various control
charts considered in this study, specifically focusing on their sensitivity.
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There were three types of control charts, namely Individual Mean Shewhart (I-Shewhart)
control chart, Moving Average (MA) control chart, and Exponentially Weighted Moving
Average (EWMA) control chart was deployed based on the autocorrelation removal using
residual via the best-fitted ARIMA model to achieve i.i.d assumptions. Note that the EWMA
control charts were implemented using three distinct values of the weighted factor, A (0.05, 0.10,
0.20). The dataset from 2019 was utilized in all the control charts constructed in this study for
the monitoring stage Phase Il. The performance of the control charts was validated using a
detection score, represented by the percentage of signals falling outside the control limits. The
signals also represent the sensitivity power of the control chart. Under, the i.i.d condition, the
higher the sensitivity of a control chart, the higher its performance (Lee & McGreevey 2002).
The percentage of signals for each control chart is presented in Table 5.

Table 5: Summary of control limits establishment and percentage of detection (%)

Types of Central Upper control Lower No. of %
control line (CL) limit (UCL) control limit signal Signals
charts (LCL)

I-Shewhart

residual -0.0074 0.4951 -0.5100 13 3.56
Control Chart
MA residual
Control Chart
EWMA
residual
Control Chart
(4=0.05)
EWMA
residual
Control Chart
(1=0.1)
EWMA
residual
Control Chart
(1=0.2)

Type of
approaches

-0.0074 0.3479 -0.3627 11 3.01

Residuals by -0.0074 0.0730 -0.0879 26 7.12
using ARIMA
time series

model

-0.0074 0.1079 -0.1227 14 3.84

-0.0074 0.1601 -0.1750 11 3.01

The residual-based control charts in Table 5 were established based on the in-control process
mean, W (-0.0074), and standard deviation, ¢ (0.16752) residual of reference best fit ARIMA
(1,1,1) time series model. Notably, the I-Shewhart residual chart demonstrated higher
sensitivity detection percentages (3.56 %) compared to the MA residual chart (3.01 %) and
MA control chart which also resulted in 3.01 % detection. However, the EWMA residual
control chart proves to be the most sensitive, with the lowest frequency of false alarms that
were detected at 7.12 percent of anomalies signal and the detection sensitivity reduces when
2=0.2. The results indicate that the EWMA residual control charts, 1=0.05 are deemed more
appropriate for monitoring and detecting anomalies in daily mean river water levels at the study
location, as they impose stricter control limits. Previous studies suggest that smaller values of
A produce reliable results by placing more weight on older data. Therefore, 4 = 0.05 is
recommended due to the importance of older data in determining daily water level
measurements. Supported by the previously mentioned literature, the uncorrelated residuals
control chart obtained from the ARIMA (1,1,1) model effectively removes the effects of
autocorrelation in the monitoring process and thus, reduces false alarms, as it satisfies Normal
distribution and independent and identically distributed (i.i.d) assumptions. The points that
appeared beyond the control limits are considered anomalies. The control chart developed under
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this data quality consideration, with higher signals indicating more sensitive the control chart,
thus reflecting how efficient it is. In addition, for the practical manufacturing field of usage for
example, Western Electric rules for identifying true signals of instability rather than false alarms
may help to further distinguish between random variation and genuine process shifts (Shmueli
& Cohen 2003).

Figure 4 illustrates the monitoring results obtained from the EWMA residual control chart
with a smoothing parameter of A = 0.05, revealing several anomalous levels detected above the
upper control limits. Anomalies exhibit a seasonal fluctuation pattern in the daily mean river
water level detection. The earliest detection occurred in Aril with a significant shift, while a
higher number of alerts were observed from mid-October to the end of November. This period
coincides with the monsoon wind changes in Peninsular Malaysia, occurring twice a year in
April to May and September to October. Consequently, flooding occurs not only during the
monsoon season but also from mid-October to mid-January annually. This aligns with the dates
and values of anomalies.

The control chart's limits indicate that the river water level fluctuated within certain bounds,
with a maximum of 3.30 m/h and a minimum of 1.91 m/h recorded outside the normal range.
The earliest anomaly, on April 7 showed a slight difference from the minimum anomaly
recorded, suggesting no flood event occurred in April. However, anomalies were detected on
October 12" (2.14 m/h) and October 17" (2.12 m/h), followed by consecutive anomalies from
October 18™ to 20", coinciding with a flash flood in Taman Sri Muda on October 17" to 18™.
River cleaning and water pumping actions by authorities reduced anomaly levels on October
19" and 20™. November saw frequent anomalies, possibly indicating early signs of the flood
event that occurred on January 29", 2020. Notably, no anomalies were detected below the lower
control limits EWMA residual control chart with 1 = 0.05.

Exponentially Weighted Moving Average residual with Parameter A = 0.05 Control Chart
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Figure 4: Exponentially Weighted Moving Average residual with parameter A = 0.05 control chart of daily mean
river water level

On the other hand, anomaly detection using DID thresholds in Figure 5 depicted no
anomalies were recorded, with the process remaining within normal limits. The threshold
values defined by DID indicate normal at 2.80 m/h, with alerts at 4.40 m/h, warnings at 4.70
m/h, and danger at 5.00 m/h. Despite several points lying outside the norm or usual level of
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2.80 m/h on specific dates, such as October 18", early and late November, and late December,
the process remained in control as it did not exceed the alert, warning, or danger levels.

Control Chart based on DID Thresholds (2019)
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Figure 5: DID Threshold Control Chart of daily mean river water level based on Department of Irrigation and
Drainage (DID) thresholds

This study revealed that the normal level, in statistical control, was 1.33 m/h, narrower than
the DID's normal threshold. The number of points exceeding the statistical control standard is
higher compared with the DID's normal threshold of 2.80 m/h. Anomalies detected outside the
statistical control norm level, 1.33 m/h, occurred earlier on September 28, 2019, than those
detected above the DID's normal level on October 18, 2019, indicating a three-week delay in
detection based on the DID's threshold. Thus, utilizing the new normal central limit based on
statistical control is advisable for monitoring river water levels. Nevertheless, the DID's
thresholds were less stringent than control chart limits, potentially contributing to a lack of early
flood warnings in 2019. Noticeably, the application of the proposed residual control chart
revealed the water level anomalies earlier, indicating the importance of using a proper statistical
control chart for river water level monitoring, especially the EWMA residual control chart with
A =0.05 since the control chart removes the autocorrelation effect in the dataset.

4. Conclusion

The study proposed implementing the residual-based control chart to consider effective
anomaly detection and assessment when monitoring highly autocorrelated processes in Sungai
Klang River at Taman Sri Muda. Additionally, the research emphasized the importance of
ensuring adherence to the assumption of normal distribution before constructing control charts
for monitoring purposes. In building control charts based on the residuals approach, efforts
were made to achieve the remedial assumption of independence and identically distributed
(i.i.d) data. These methods were compared in terms of their ability to effectively detect
anomalies, with the EWMA residual control chart with A=0.05 emerging as the best approach
in detecting anomalies and offering a smoother monitoring process due to its consideration of
older data. Hence, the appropriate selection of A is crucial in enhancing sensitivity. The
detection of anomalies using this approach revealed significant occurrences typically towards
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the end of the year, mostly occurring between October and November. This study emphasizes
the importance of employing rigorous control charting methods for early and accurate anomaly
detection, particularly in monitoring river water levels subject to seasonal and extreme events
like floods. In summary, the residual control chart method effectively addressed the
autocorrelation issue. This was demonstrated by the improvement in control chart performance,
based on the performance of the sensitivity detection of control charts. Supported by previous
studies, the employment of residual data in control chart development helps to mitigate river
water floods via an alarm system.
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