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Abstract 
This study proposes an IoT-based water quality monitoring framework integrated with a continuous sustainable modeling 
approach for smart campus applications. A total of 404 sensor observations were collected, including pH, turbidity, 
temperature, and Total Dissolved Solids (TDS). A continuous water suitability score ranging from 0 to 1 was constructed based 
on WHO drinking water standards, and Multiple Linear Regression was employed to model the relationship between water 
quality parameters and the suitability score. The main contribution of this study lies in the development of a lightweight 
analytical framework that combines continuous regression modeling with threshold-based classification to support real-time 
decision-making in resource-constrained environments. The dataset was divided into 90% training and 10% testing data. The 
results show that the proposed framework achieved a classification accuracy of 88.5% based on threshold mapping of 
regression outputs, with a misclassification rate of 11.5%. These findings demonstrate the effectiveness of integrating IoT-
based monitoring with interpretable and computationally efficient analytical models for sustainable campus water 
management. 
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1. Introduction  

Water quality monitoring is essential for maintaining 
public health and supporting environmental 
sustainability within campus environments [1-2]. 
Despite the increasing adoption of IoT-based 
monitoring systems, many existing implementations 
primarily focus on hardware integration [3], with 
limited incorporation of lightweight predictive analytics 
suitable for real-time campus-scale decision-making. 

In campus environments, the quality of raw water as a 
drinking water source is a critical factor influencing 
public health and sustainability [4-5]. Smart Green 
Campus initiatives emphasize sustainable resource 
management, including monitoring water quality [6]. 
The term Smart Green Campus is given to campuses 
that effectively utilize their environment to meet the 
needs and improve the welfare of the community on 

campus [6], including at UIN Maulana Malik Ibrahim 
Malang where the main uses of water are for drinking.  

To ensure the safety and quality of drinking water 
consumed by the campus community, the water must 
comply with the Minister of Health Regulation No. 492 
of 2010, including chemical, physical, radioactive, and 
microbiological requirements [7]. This study aims to 
assess the quality of water sources around the UIN 
Maulana Malik Ibrahim Malang campus area and utilize 
the Internet of Things, including turbidity, pH, 
temperature, and TDS sensors, to monitor drinking 
water quality. 

IoT devices generate continuous, heterogeneous sensor 
data streams that require efficient and lightweight 
analytical models for effective campus-scale 
environmental monitoring [8]. So that the data can be 
used as new information, it is necessary to analyze using 
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a specific technique or method. Analyzing data can be 
done using machine learning or deep learning to filter 
data, so it is ready for use. Although numerous IoT-
based water quality monitoring systems have been 
proposed, most existing studies primarily emphasize 
hardware integration or complex machine learning 
approaches, with limited focus on lightweight, 
interpretable analytical frameworks that support 
continuous monitoring and real-time decision-making 
in resource-constrained smart campus environments 
[9]. This gap highlights the need for an integrated 
approach that balances predictive capability, 
computational efficiency, and practical deployment. 

The data collected by the IoT circuit will be analyzed 
using the Linear Regression method to classify water 
quality as clean, potable, or undrinkable [10]. The 
Linear Regression method was selected because several 
previous studies have demonstrated its strong 
performance in solving similar problems [11]. For 
instance, the study by [12] showed that the linear 
regression model was adequate for analyzing the AQI 
of Velachery based on chemical pollutants such as CO₂, 
PM₂.₅, O₃, and SO₂. 

The study by [13] highlighted that among all the 
reviewed techniques, Linear Regression demonstrated 
the greatest efficiency for predicting water quality in 
Iraq as evidenced by the R² and R values that come 
close to 1 for all of the observed months. Likewise, 
study by [14] highlighted Linear Regression was the 
most convenient model and proved efficient for the 
analysis of water quality in Shanghai as it was better 
than the conventional models used to calculate the AQI. 

Multiple Linear Regression was selected in this study 
due to its balance between computational efficiency and 
interpretability, making it particularly suitable for 
deployment in resource-constrained IoT environments 
[9]. Furthermore, the model enables clear quantification 
of the contribution of each water quality parameter, 
which is essential for transparent and practical 
environmental decision-making [15]. This model also 
allows for easy elucidation of the contribution of each 
coefficient, thus making it possible to determine the 
influence of each of the individual parameters (e.g., pH, 
TDS, turbidity, and temperature) on the overall 
suitability of the water. Its lightweight computational 
structure makes it appropriate for deployment in 
resource-constrained IoT-based monitoring systems. 

Although linear regression is primarily used for 
continuous prediction tasks, in this study it also serves 
as a foundation for threshold-based classification, 
enabling practical categorization of water quality levels. 
This approach maintains computational simplicity 
while supporting interpretable decision-making in IoT-
based systems. 

In addition, the water quality monitoring program 
developed in this research is compatible with the Smart 
Green Campus framework, which is becoming more 
popular. A smart green campus is a framework for 

educational institutions striving for greater 
sustainability and less environmental impact [16]. 
Concerning the various issues, researchers have 
extensively examined the use of IoT, data analytics, 
linear regression, and smart water quality monitoring 
and control systems. The integration of these systems 
with advanced data visualization can revolutionize the 
management of water systems in universities, 
increasing automation and sustainability of campus 
ecosystems . 

Previous studies have shown the potential of IoT water 
monitoring systems; however, they have focused more 
on the integration of hardware, assessment of sensor 
accuracy, and traditional data visualization methods 
[17]. There are prediction models that are less resource-
intensive and that could be run continuously, while still 
providing useful information for managing resource-
limited campuses. Most other studies use rule-based 
classification or very complex machine learning 
methods while ignoring explainability and scalability to 
the institution [18]. This illustrates the need for a 
synthesis that balances predictive modeling with 
practical deployment. 

This study introduces an analytical framework for 
campus-wide use, which, unlike prior IoT-based water 
monitoring studies that concentrate on the hardware or 
traditional data reporting, focuses on the framework’s 
ability to function within informational and 
computational constraints. The study’s main 
contribution is the ability to combine real-time IoT 
sensor data acquisition with the linear regression model, 
which is integer valued for real-time computing, 
coupled with threshold classification that is compliant 
with the World Health Organization (WHO) standards. 
The framework is specifically designed for use within 
limited-resource settings, enhancing the potential of the 
smart green campus framework for the concentration, 
ease of interpretation, and limited computational cost. 
This focus distinguishes the study from other works that 
center their frameworks around the use of advanced, 
unexplainable machine learning techniques without 
consideration of the implementation of machine 
learning techniques in educational settings. 

As detailed above, prior studies have examined systems 
based on the Internet of Things (IoT) coupled with 
linear regression analytics to assess the improvements 
made in water quality. Several previous studies have 
explored IoT-based water quality monitoring systems, 
primarily focusing on sensor integration and data 
acquisition processes. For instance, existing works 
utilizing platforms such as Node-RED and LabVIEW 
demonstrate high sensor accuracy and real-time 
monitoring capabilities [19]. However, these studies 
largely emphasize system implementation rather than 
analytical modeling. In contrast, some studies 
incorporate decision-making methods such as SAW or 
regression-based approaches [20], yet often lack 
integration with continuous monitoring frameworks or 
real-time deployment considerations..  
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IoT-based water quality monitoring has also been 
applied in specific domains such as aquaculture and 
aquarium systems, demonstrating the capability of real-
time monitoring and remote control [21]. However, 
these applications are generally domain-specific and do 
not emphasize scalable analytical frameworks suitable 
for broader environmental monitoring contexts such as 
smart campuses. The use of IoT technologies in 
monitoring and controlling water quality. in ornamental 
fish aquariums, is an enormous step towards giving 
aquarium enthusiasts the ability to support the health 
and comfort of the aquarium's inhabitants by assisting 
in the control of optimal water quality settings. The 
system provides aquarium owners with the ability to 
automate water quality control via the Telegram app to 
continuously monitor water conditions, and take 
necessary actions in real time, even if they are away 
from the aquarium. 

These limitations indicate that existing approaches have 
not fully addressed the integration of IoT-based 
monitoring with lightweight and interpretable analytical 
models. Therefore, this study proposes an integrated 
framework that combines continuous suitability 
modeling using linear regression with threshold-based 
classification to support real-time decision-making in 
smart campus environments. 

Another work titled 'Automated System of Water 
Quality Monitoring for Prawn Industry via LabView 
And Internet of Things' also discusses the use of the 
Internet of Things relative to monitoring the water 
quality of the prawn sector [22]. The work discusses 
two vital parameters of water quality of the prawn 
sector, which are, temperature, and pH. The water 
quality sensors are interfaced with a data acquisition 
system via LabVIEW, while the servo motor moves the 
probe of the pH sensor. The work makes use of 
ThingSpeak to display water quality data in real time 
and is outfitted with an alarm system which can be 
configured to alert users to the problem [22]. The work 
is accurate and can be remotely detected as a result of 
the data being processed in real-time. 

As stated in 'History, How It Works, and the Benefits of 
the Internet of Things,' the essence of the Internet of 
Things is to interlink multiple devices to a single 
network in order to create an infrastructure for the 
seamless transfer of data [23]. The Internet of Things is 
a paradigm shift in technology as it allows for the 
automation of numerous sectors of life through a system 
of intelligent and collaborative sensors and tools over 
the internet [24]. RFID, WSN, WPAN, WBAN, HAN, 
NAN, M2M, CC, and DC are all components involved 
within IoT [23]. These components are part of the 
technology IoT uses for sensing. 

In summary, existing studies on IoT-based water 
quality monitoring primarily focus on hardware 
implementation or domain-specific applications, while 
studies incorporating analytical models often rely on 
complex approaches with limited interpretability. There 
is still a lack of integrated frameworks that combine 

real-time IoT data acquisition with lightweight, 
interpretable, and continuous analytical modeling. This 
study addresses this gap by proposing a framework that 
integrates IoT-based monitoring with multiple linear 
regression and threshold-based classification to support 
efficient and practical decision-making in smart campus 
environments. 

2. Methods 

This section describes the overall research methodology 
employed in this study, including system design, data 
acquisition procedures, dataset preparation, model 
construction, and performance evaluation. The 
proposed approach integrates an Internet of Things 
(IoT)-based monitoring framework with statistical 
modeling to analyze water quality conditions [25]. The 
methodology is structured systematically to ensure 
reproducibility, measurement reliability, and analytical 
validity. 

2.1 System Architecture and Data Acquisition 

The proposed system consists of four core components: 
data collection, data transmission, data storage, and data 
retrieval, as illustrated in Figure 1. The data retrieval 
section is specifically designed for the collection of 
water quality parameters using Total Dissolved Solids 
(TDS), pH, turbidity, and water temperature sensors. 
This system is therefore capable of monitoring these 
parameters continuously, which suggests that the 
system is designed with multiple data collection 
sensors. 

 
Figure 1. The block diagram of the proposed water quality 

measurement system 

The pH sensor has a range between 0 to 14. The 
conductivity (TDS) sensor has a range of 0 to 1000 ppm 
with an accuracy of +/- 2 %. The turbidity sensor has a 
range of 0 to 3000 NTU with an accuracy of +/- 5 %. 
The temperature sensor (DS18B20) has a range of −10 
°C to 85 °C with an accuracy of +/- 0.5 °C. All sensors 
prior to installation, were calibrated with a standard 
buffer solution to improve reliability and reduce 
systematic error. 

The sensors measured every 10 seconds, and readings 
were transmitted to the microcontroller unit (MCU) to 
cross reference sensor readings. Two sensors (the pH 
and TDS sensors) provided an analog output which 
needed to be converted to a digital signal using a built-
in analog to digital converter (ADC) of the 
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microcontroller. The temperature and turbidity sensors 
provided data in a digital format which was used to 
provide an output to the MCU [26]. After processing, 
the data were sent to the ThingSpeak cloud server 
through an ESP8266 Wi-Fi module. This server is used 
for real time monitoring and centralized storage 
services [27]. 

2.2 Dataset Description and Preprocessing 

A total of 404 observations were collected from campus 
drinking water sources under consistent operational 
conditions. Four predictor variables were evaluated for 
each samples: TDS (mg/L), pH, turbidity (NTU), and 
temperature. These variables were selected for the 
purposes of measuring standards for drinking water and 
were applicable using IoT-based sensing devices. 

Before modeling, a number of processing steps were 
taken to improve the quality of the data and the accuracy 
of the analysis. Mean substitution was used on the 
missing data to keep the integrity of the data set and to 
not alter the data too much statistically [28]. Outliers 
related to sensor measurements were detected and 
removed using the Interquartile Range (IQR) method to 
reduce the impact of anomalous readings caused by 
temporary sensor disturbances [29]. To improve the 
comparison between the predictor variables and to 
improve numerical stability, the variables were 
normalized using Min-Max scaling methods. 

2.3 Construction of Continuous Suitability Score 

To enable regression modeling with a continuous 
dependent variable, a water suitability score ranging 
from 0 to 1 was constructed based on WHO drinking 
water standards [30]. This score quantitatively 
represents the degree to which each parameter satisfies 
the recommended thresholds. 

For parameters with upper acceptable limits, namely 
Total Dissolved Solids (TDS) and turbidity, the 
suitability score was defined as Equation 1. 

𝑆𝑆𝑗𝑗 = �
1, 𝑋𝑋𝑗𝑗 ≤ 𝑇𝑇𝑗𝑗
𝑇𝑇𝑇𝑇
𝑋𝑋𝑋𝑋

𝑋𝑋𝑗𝑗 > 𝑇𝑇𝑗𝑗
                                                      (1) 

Xj denotes the observed value of parameter j, and Tj 
represents the corresponding WHO threshold. This 
formulation ensures that measurements within 
acceptable limits receive the maximum score of 1, while 
values exceeding the acceptable thresholds are 
penalized proportionally. For parameters with upper 
acceptable limits, such as Total Dissolved Solids (TDS) 
and turbidity, the suitability score was defined to assign 
a maximum value of 1 when the observed measurement 
falls within the acceptable threshold. Values exceeding 
the threshold are proportionally reduced based on the 
degree of deviation, ensuring a gradual penalty rather 
than a binary classification. 

For pH, which has an acceptable range between 6.5 and 
8.5, the suitability score was formulated based on the 
deviation from the midpoint of the acceptable range. 

This approach allows the score to decrease smoothly as 
the pH value moves away from the optimal range, 
thereby avoiding abrupt classification boundaries, the 
suitability score was defined as Equation 2. 

𝑆𝑆𝑝𝑝𝑝𝑝 = �
1, 6.5 ≤ 𝑋𝑋 ≤ 8.5

1 −  |𝑋𝑋 − 𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋|
𝛥𝛥

, 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒                 (2)         

Xmid = 7.5 represents the midpoint of the acceptable 
range and Δ represents half of the acceptable pH range. 
This formulation ensures a gradual reduction in 
suitability as pH deviates from the optimal range, 
avoiding abrupt binary penalties. 

The overall suitability score was calculated as the 
arithmetic mean of the individual parameter scores, 
providing a normalized representation of overall water 
quality on a continuous scale between 0 and 1, Equation 
3. 

𝑌𝑌𝑖𝑖 =
 𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇+𝑆𝑆𝑝𝑝𝑝𝑝+𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇

3 
                                            (3) 

The resulting continuous score Yi was used as the 
dependent variable in the linear regression model. This 
lightweight normalization approach provides a 
simplified alternative to conventional Water Quality 
Index (WQI) methods while maintaining 
interpretability and computational efficiency. 

2.4 Modelling 

The relationship between water quality parameters and 
the constructed suitability score was modeled using 
Multiple Linear Regression (MLR), Equation 4. 

Yi=β0+β1X1i+β2X2i+β3X3i+β4X4i+εi,i=1,2,...., n           (4) 

Yi denotes the continuous water suitability score for 
observation i. The variables X1i, X2i, X3i, and X4i 
correspond to TDS, pH, turbidity, and temperature, 
respectively. The parameters β0-β4 represent regression 
coefficients, and εi denotes the random error term [31-
32].  

The regression coefficients were estimated using the 
Ordinary Least Squares (OLS) method, which 
minimizes the sum of squared residuals between 
observed and predicted values [33-34]. Model 
assumptions—including linearity, independence of 
errors, homoscedasticity, and normality of residuals—
were evaluated through residual diagnostics to ensure 
statistical validity [35].  

2.5 Model Validation and Classification Procedure 

The dataset was divided into 90% training data and 10% 
testing data. The training set was used to estimate 
regression parameters, while the testing set was 
reserved exclusively for performance evaluation to 
reduce overfitting bias. 

Regression performance was assessed using the 
coefficient of determination (R²), which measures the 
proportion of variance in the suitability score explained 
by the predictor variables. 
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Although the model produces continuous suitability 
scores, categorical water quality levels were derived for 
practical decision-making purposes. The classification 
thresholds were determined empirically based on 
compliance strictness and dataset distribution analysis, 
reflecting high, moderate, and low levels of standard 
compliance. The categories were defined as follows: 
Safe for drinking: Y ≥ 0.80, Suitable but not safe for 
drinking: 0.50 ≤ Y < 0.80, Not suitable: Y < 0.50 

Classification performance was evaluated using 
Accuracy, Precision, Recall, F1-score, and Confusion 
Matrix analysis to provide a comprehensive assessment 
of predictive capability. 

This integrated approach enables both continuous 
predictive modeling and operational classification to 
support smart campus water monitoring applications. 

3. Results and Discussions 

In designing the IoT water quality monitoring system, 
the integration of temperature, TDS, pH, and turbidity 
sensors is of utmost importance. These sensors were 
purposefully included to enable the system to record 
and analyze water quality parameters with precision. 
Valuable water quality assessment IoT systems utilize 
real-time data recorded by water quality monitoring 
systems. More than 404 records pertaining to time and 
TDS, temperature, pH, and turbidity comprise the 
dataset.  Temperature, TDS, pH, and turbidity were 
recorded as independent variables. 

Table 1 contains real-time data of TDS, temperature, pH 
and turbidity sensors which measure the primary 
constituents of water quality. TDS measures the amount 
of dissolved solids in water, temperature affects 
chemical and biological processes within the water, pH 

indicates the water’s acidity or alkalinity, and turbidity 
measures the clarity of the water. The parameters of the 
water quality monitoring system collected real-time 
data which is illustrated in the graph for effortless 
interpretation. The first phase of preprocessing included 
the collection and processing of over 400 data points. 
These dynamic water quality parameters are well 
understood and a comprehensive analysis made more 
data points available. 

In this study, a continuous water suitability score was 
first estimated using linear regression. For interpretative 
and operational purposes, the predicted scores were 
subsequently mapped into three categories: “safe for 
drinking,” “suitable but not safe,” and “not suitable”. 
This criteria stemmed from the quality of water 
regulations and standards outlined by the World Health 
Organization (WHO) as well as countries' regulations 
on drinking water. The assessment was based on water 
quality standards from WHO which include the 
following: pH (6.5 - 8.5), TDS (< 500 mg/L), and 
turbidity (< 5 NTU), and for the following parameters: 
pH, TDS and turbidity, ATP, and Chemicals.  

The results exemplify how monitoring using IoT and 
algorithms based on linear regression can serve to aid 
campus administrators at the initial stages of the 
decision-making process regarding the maintenance of 
the filtration system and other decision points. The 
method provides disturbance monitoring in support of 
green, smart, and sustainable campus initiatives, 
enables data driven responses, and offers systems for 
prompt response to primary disturbance arising, and 
therefore, provides early warning systems [31]. The 
research contributes to the theory of scientific 
knowledge and practice of water resource management 
in institutional settings. 

Table 1. Dataset Sample Acquired from Internet Of Things Device 

No Time TDS Temp. pH Turbidity Water Quality 
1 2024-08-24 26:22:05 162.4 26.13 3.05 1872.76 Not suitable 
2 2024-08-14 16:32:07 266.47 25.94 3.08 2489.25 Not suitable 
3 2024-08-14 16:37:07 330.27 25.75 2.78 2141.58 Not suitable 
4 2024-08-14 09:47:16 325 24.81 2.78 1543.01 Not suitable 
5 2024-08-15 11:28:13 88.73 27.44 8.84 5.19 Suitable, not safe for drinking 
6 2024-08-15 11:33:18 125.31 27.38 8.94 4.13 Suitable, not safe for drinking 
7 2024-08-15 11:38:02 139.57 27.31 2.81 3.08 Suitable, not safe for drinking 
8 2024-08-15 11:43:08 143.11 27.31 7.81 3.43 Suitable, not safe for drinking 
9 2024-08-15 13:05:07 104.87 27.19 6.63 0.5 Safe for drinking 

10 2024-08-15 13:10:12 50.5 27.38 6.08 0.67 Safe for drinking 

3.1 Data Distribution 

The dataset was split into a training set (90%) and a 
testing set (10%), with the former being utilized to 
estimate the regression coefficients and the latter to 
assess the model’s predictive performance 
independently. There is a regression equation that 
produces a continuum of outputs and these outputs are 
later categorized into discrete units for simplicity and 
ease of implementation. 

This study’s dataset consists of approximately 404 
records, the data are at this point a representation of the 
trial data from the implementation of an IoT-based 
water quality monitoring system on campus. We note 
that this is a small dataset and that we are not able to 
claim that we are working with “big data” so we 
recognize that this is an initial trial designed to evaluate 
the system and test the integration of the sensors, we are 
working toward the goal of on implementing a fully 
functioning system that collects data continuously over 
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long periods of time and that has the ability to add new 
measurement locations in a configurable manner and to 
incorporate external data sources. Thus, the handling of 
issues related to the storage, processing, and predictive 
model performance of large datasets will remain a 
primary focus of the future development work. 

The results of this study are consistent with existing 
literature using IoT and statistical methods for 
environmental monitoring [32]. Numerous studies have 
established that the combination of sensors and 
analytical models can facilitate real-time decision-
making regarding water management. The trends 
recorded in pH, TDS, turbidity, and temperature are in 
agreement with previous studies that demonstrated the 
ability of sensor-driven monitoring systems to identify 
changes in water quality. The consistency of these 
findings reiterates the reliability of our results in the 
context of existing literature. 

Following the acquisition of real-time data via the 
Internet of Things architecture, three water quality 
categories were derived by applying predefined 
threshold values to the predicted continuous suitability 
scores, as shown in Figure 2. The term "not suitable" 
describes non-potable water, which is dangerous to 
consume, cook with, clean with, or even bathe in 
because it contains dangerous substances including 
chemicals, germs, and viruses. Water that is acceptable 
for everyday use but not safe for drinking is classified 
as "suitable but not safe for drinking." Water that is 
acceptable for drinking and safe for consumption is 
represented by the "safe for drinking" category. 

 
Figure. 2 Distribution graph of water quality category 

3.2 Visualization 

Figure 3 shows four graphic panels comparing data 
from several water quality parameters used in the study, 
namely Total Dissolved Solids (TDS), Temperature, 
pH, and Turbidity. Each parameter is displayed in two 
formats: a line graph showing changes in data over time 
(in sample counts), and a histogram showing the 
frequency distribution of the data. 

 

 
Figure 3. Visualization of water quality parameter data, including (a) 

Total Dissolved Solids (TDS), (b) temperature, (c) pH, and (d) 
turbidity. 

The results of the data processing show that TDS 
exhibited the highest frequency within the range of 320-
360 mg/L. The graph of the test results using the TDS 
sensor shows the left graph (line) is the change in TDS 
in mg/L units against the number of samples. At the 
beginning of the graph, TDS fluctuated sharply, then 
returned to stability until the end of the observation. 
While the right graph (histogram) shows the frequency 
distribution of the TDS value. 

Then for the temperature test in the range of 27.5-
28.75oC. The left graph (line) shows the change in 
temperature in degrees Celsius against the number of 
samples. The right graph (histogram) of temperature 
shows most of the temperature values. 

The pH sensor shows the pH value obtained in the range 
of 6.5-7.0. The left graph (line) shows the change in pH 
value against the number of samples. Initially, there was 
a significant pH fluctuation, but after that, the pH was 
stable until the end of the observation. The right graph 
(histogram) shows that most of the pH values were in 
the range of 6.5-7.0. 
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The last graph is a turbidity test that shows results in the 
range of 0-200 NTU. The left graph (line) shows the 
change in turbidity value in NTU units against the 
number of samples. The right graph (histogram) shows 
the frequency distribution of data against turbidity. 

The real-time data collected by the ESP8266 was 
transferred and safely stored in a cloud-based database 
[33]. The current water conditions were visualized and 
analyzed using graphical representations of the raw 
sensor data that were shown in real-time in the database. 

Figure 3 illustrates the variation and distribution of 
water quality parameters across all observations. It can 
be seen that TDS and turbidity exhibit significant 
fluctuations, particularly in the early samples, 
indicating potential anomalies or sudden environmental 
changes. In contrast, temperature and pH values tend to 
be more stable, with most observations concentrated 
within a narrower range. The histogram plots further 
confirm that the majority of values fall within specific 
intervals, supporting the reliability of the dataset for 
modeling purposes. 

3.3 Performance of Linear Regression 

The linear regression model produces a continuous 
suitability score for each observation. To facilitate 
operational interpretation, the predicted scores were 
converted into three categorical levels using predefined 
threshold values. In this study, the regression model is 
primarily used to generate a continuous water suitability 
score, which is subsequently transformed into 
categorical water quality classes based on predefined 
thresholds. Therefore, the performance evaluation is 
conducted within a classification framework, where 
accuracy is used as the main evaluation metric. The 
confusion matrix is then used to evaluate the 
consistency between threshold-mapped predictions and 
reference categories. 

Figure 4 illustrates the confusion matrix constructed to 
evaluate the classification performance after threshold-
based mapping of the regression outputs. The matrix 
organizes predictions into three categories: not suitable; 
suitable, not safe for drinking; and safe for drinking, in 
a 3×3 format where rows represent true labels and 
columns represent predicted labels. Each cell captures 
the correspondence between predicted and actual 
values, including both correct classifications and 
misclassifications. The use of a color gradient facilitates 
visual interpretation, where darker shades indicate 
higher correct predictions and lighter shades represent 
misclassifications. 

From the confusion matrix analysis, it can be observed 
that the darkest cell corresponds to the prediction of 
“suitable, not safe for drinking,” indicating that this 
class was correctly predicted 101 times. However, some 
misclassifications are still present; for example, 2 
samples from the “suitable” category were incorrectly 
classified as “not suitable.” Furthermore, the confusion 
matrix was used to compute the misclassification rate 
and accuracy using Equations 5 and 6, resulting in 

values of 11.5% and 88.5%, respectively. The model 
achieved an accuracy of 88.5%, indicating its 
effectiveness in classifying water quality conditions. 

 
Figure 4.  Confusion matrix after threshold-based mapping of 

regression outputs. 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

𝑥𝑥 100%            (5) 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 1 − 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴             (6)            

Although regression-based metrics such as the 
coefficient of determination (R²) and Root Mean Square 
Error (RMSE) can provide additional insight into model 
performance, they are not the primary focus of this 
study since the final objective is classification. These 
results demonstrate that the proposed model is capable 
of capturing the relationship between water quality 
parameters and suitability levels with a relatively high 
degree of accuracy. The achieved performance also 
indicates that the threshold-based classification derived 
from the regression model is effective in distinguishing 
between acceptable and non-acceptable water 
conditions. This finding further suggests that the 
selected parameters, including pH, turbidity, 
temperature, and TDS, provide sufficient information 
for predicting water suitability in the studied 
environment.  

 Table 2 shows Threshold-Based Classification Based 
on Regression Output. Accuracy tells how precise each 
method is in determining the quality of water. Accuracy 
is the method's ability to diminish false positives or to 
determine the ratio of genuinely accurate predictions to 
all positive predictions. The method's ability to 
diminish false negatives is termed Recall; it refers to the 
ability of a method to capture true positives in the 
population of actual positives. The F1 score is the 
overall evaluation of predictive performance, it is the 
average of precision and recall measured as a harmonic 
mean. 

 
Table 2. Performance of Threshold-Based Classification Derived 

from Regression Output 

Parameter Linear Regression 
Accuracy (%) 88.5 
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Precision (%) 88.9 
Recall (%) 88.5 
F-1 Score (%) 86.4 

Compared to previous studies that primarily focus on 
IoT-based monitoring without integrated analytical 
modeling, the proposed approach provides additional 
value through its predictive capability [34]. While some 
studies employ complex machine learning models with 
potentially higher accuracy, such approaches often 
require greater computational resources and lack 
interpretability [35]. In contrast, the proposed method 
achieves competitive performance while maintaining 
simplicity and transparency, making it more suitable for 
real-time implementation in resource-constrained 
environments. 

The findings of this study have important implications 
for smart campus water management. The proposed 
framework enables continuous monitoring and real-
time assessment of water quality, allowing campus 
administrators to make timely and data-driven 
decisions. In addition, the use of a lightweight and 
interpretable model facilitates easier deployment and 
maintenance compared to more complex approaches. 
This supports the development of sustainable and 
efficient water management systems within smart 
campus environments. 

However, this study has several limitations. The model 
was developed based on a dataset collected from a 
specific campus environment, which may limit its 
generalizability to other contexts with different water 
characteristics. In addition, the use of Multiple Linear 
Regression assumes linear relationships between 
variables, which may not fully capture more complex 
interactions among water quality parameters. Future 
work may explore the integration of more diverse 
datasets and the application of advanced modeling 
techniques to further improve predictive performance. 

4. Conclusions 

This study presents an integrated approach for smart 
campus water management by combining IoT-based 
monitoring with continuous water suitability modeling. 
The proposed framework enables real-time data 
acquisition and provides an interpretable and 
normalized suitability score to assess water quality 
conditions. 

The experimental results demonstrate that the proposed 
model achieves an accuracy of 88.5%, indicating its 
effectiveness in classifying water quality conditions 
based on the defined suitability thresholds. This result 
confirms that the selected parameters, including pH, 
turbidity, temperature, and TDS, are sufficient to 
represent water quality characteristics in the studied 
environment. In addition, the use of a Multiple Linear 
Regression model offers a balance between predictive 
performance and computational efficiency, making it 
suitable for real-time implementation in resource-
constrained environments. 

Despite these contributions, several limitations should 
be acknowledged. The model is developed based on 
data collected from a specific campus environment, 
which may limit its applicability to other contexts. In 
addition, the assumption of linear relationships may not 
fully represent complex interactions among water 
quality parameters. The limited number of sensors used 
in this study may also affect the comprehensiveness of 
the assessment. 

Future research should focus on expanding the dataset 
across multiple locations and longer time periods to 
improve generalization. The application of more 
advanced machine learning techniques can be explored 
to enhance predictive performance. Furthermore, 
integrating additional parameters and developing an 
automated decision-support system for real-time 
monitoring and alert generation would further 
strengthen the proposed framework. 
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