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ABSTRACT
The shortage and loss of water resources is one of the critical issues in urban areas worldwide,
with approximately 32 billion cubic meters of treated water lost annually through leakage from
urban distribution systems. Forecasting the future Non-Revenue Water (NRW) rate is essential to
mitigate resource depletion and economic waste, contributing to the United Nations' Sustainable
Development Goal 6 on Clean Water and Sanitation. This study investigates the application of four
machine learning models: Random Forest Regression (RF), Extreme Gradient Boosting Regression
(XGBoost), Support Vector Regression (SVR), and K-Nearest Neighbours (KNN) to calculate and fore-
cast the NRW rate of seven joint stockwater supply companies under the SaigonWater Corporation
(SAWACO) in Ho ChiMinh City, Vietnam. The dataset comprisesmonthly records from 2019 to 2024,
including produced water volumes at treatment plants, distribution meter readings, and customer
consumption volumes. The results demonstrate that the RF model provides the best performance
for NRW rate prediction, with R2 > 0.8, RMSE < 1.5%, and MAE < 1% during training. The XGBoost
and SVR models also produce satisfactory results with R2 > 0.7, RMSE and MAE respectively below
2% and 1.5%, although their test set performance is not as strong as RF. Forecasts through 2030
reveal a seasonal increase in NRW during February, attributed to higher domestic and industrial
water demand that elevates pressure on the pipeline network. The results also indicate that wa-
ter supply companies in inner-city areas record lower NRW (12–17%) compared to those serving
suburban areas, reflecting disparities in water supply infrastructure and the impact of urbanization.
The findings provide a scientific foundation for SAWACO's sustainable water management strategy
and support the strategic development roadmap of Ho Chi Minh City.
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INTRODUCTION
Population growth, urbanization, along with the im-
pact of climate change, will put pressure on access to
water sources for domestic, industrial, and agricul-
tural needs. According to EIB (2023), it is projected
that more than 240 million people will still not have
access to improved drinkingwater sources, and nearly
1.4 billion people are forecasted to remain without ac-
cess to basic sanitation services 1. Urbanization in-
creases the demand for water supply services in the
context of global water scarcity as well as the impact
of climate change, making NRW management a sig-
nificant challenge for the sustainability of the water
sector. NRW is one of the main causes leading to in-
creased operating costs of water supply companies,
thereby increasing water prices2. With the approach
to the United Nations’ Sustainable Development Goal
6 (SDG 6) on Clean Water and Sanitation3, reduc-
ing NRW is highly meaningful in sustainable devel-
opment4.
According to the World Bank study in 2023, approx-
imately 32 billion cubic meters of treated water are

lost annually due to leakage from urban water dis-
tribution systems worldwide 5. For developing coun-
tries, the deterioration of water supply networks in-
creases leakage and causes NRW6. According to the
AmericanWaterWorksAssociation (AWWA) and the
International Water Association (IWA), NRW in the
supply system is divided into two main categories:
apparent losses and real losses7,8. Apparent losses,
also known as non-physical or management losses,
mainly arise frommetering inaccuracies, fraud, or de-
ficiencies in consumption data management. In con-
trast, real losses (or physical losses) refer to the vol-
ume of water lost due to physical failures in the sys-
tem, including leaks in transmission and distribution
pipelines, losses in raw water pipes and treatment fa-
cilities, leaks and overflows at storage tanks, as well
as losses at service connections up to the customer’s
metering point6,9.
Globally, many studies have applied AI models
to forecast NRW and have achieved reliable re-
sults. Models such as XGBoost10,11, Random Regres-
sion11–13 and Support Vector Machine14 have shown
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high effectiveness in predicting loss points. The study
by Candelieri A et al. (2014)15 used the EPANET wa-
ter network simulation model in combination with
the SVM method to identify leak locations in pipeline
systems. The results showed that thismethod has very
high reliability in identifying and locating leakage ar-
eas. Following the same research direction, Soldev-
ila et al. (2019)16 used the XGBoost model to locate
losses in the water supply network. This model was
trained on simulation data from EPANET and deliv-
ered superior results in terms of accuracy and infer-
ence speed compared to traditional methods. Alves
Coelho et al.17 also proposed an accurate NRW mon-
itoring system using wireless sensor networks (WSN),
combined with machine learning and real-time data
transmission. The system includes water flow sen-
sors that transmit data via LoRa and NB-IoT proto-
cols to a server for processing. The collected data are
analyzed by machine learning models (Random For-
est, Decision Trees, SVM, Neural Networks, and XG-
Boost) to detect and locate leaks. During real-world
testing, the Random Forest model gave the most ac-
curate results, achieving 85% accuracy during train-
ing and 75% under simulated deployment conditions.
The system is low-cost, easy to implement, and suit-
able for use in agricultural irrigation systems and pub-
lic water networks, contributing to NRW reduction
and improved resource management efficiency. For
machine learning models applied in leak detection,
Gou G et al. (2020)18 compared the performance
of three models—Random Forest, Gradient Boosting,
and Neural Networks—in detecting losses based on
pressure and flow data. The results indicated that the
Random Forest model provided high performance
with good accuracy and strong noise resistance. Re-
cently, Liu H (2025) developed a hydraulic model to
locate leaks, combining a genetic algorithm with a
backpropagation neural network, aiming to predict
leakage points in the water supply system of an exhi-
bition area in Eastern China19.
In Vietnam, some initial studies on NRW using the
machine learning approach have achieved certain re-
sults. Tuan et al. (2022)20 evaluated and selected
currently advanced machine learning algorithms in-
cluding the RFR, SVR and XGBoost models, Light
Gradient Boosting (LGB)model, andCatBoost (CBR)
model to serve the purpose of forecasting the num-
ber of NRW points in the water supply network. On
that basis, a suitable model is proposed for simulating
leakage point forecasting to support effective NRW
management in a typical water distribution network
in Ho Chi Minh City (HCMC), showing the poten-
tial of using machine learning models. Dung HM

and Quoc TT (2025) assessed the current status and
proposed technical and economic solutions to reduce
NRW at Tan Hoa Water Supply Joint Stock Company
(belong to SAWACO) using the EPANET model. The
study estimated the Economic Level of Leakage (ELL)
in order to reduce NRW to the level where the cost of
reducingNRWequals the value of the savedwater vol-
ume, contributing to the protection of water resources
and the environment21. In general, the identification
of leakage points has been widely studied; however,
the approach focusing on forecasting the NRW rate
still lacks sufficient research.
In an effort to reduce NRW, several companies have
begun to make preliminary calculations of the loss
rate index based on very limited water audit data. The
SAWACO and its member water supply companies
currently have an average NRW rate of about 18%. In
the objective of reducing NRW, protecting resources,
and promoting sustainable development, it is neces-
sary to minimize the level of NRW in the distribution
network, especially NRW due to leakage, through the
development and application of various techniques20

for detection. This study investigates the application
of machine learning techniques to forecast the Non-
Revenue Water (NRW) rate of the joint stock com-
panies under SAWACO and to project future water
losses through the year 2030. The objective is to de-
termine long-term NRW trends that can serve as a
scientific foundation for SAWACO’s sustainable wa-
ter supply management and support the strategic de-
velopment roadmap of Ho Chi Minh City. The anal-
ysis is based on a multi-source monthly dataset, in-
cluding: (i) produced water volume recorded at the
clean-water productionmeters of the treatment plants
(input), (ii) water volume measured at the main dis-
tribution meters (input), (iii) customer consumption
volume collected from end-user meters, and (iv) the
observed monthly NRW rate.

METHODOLOGY
Study area
The study was conducted in HCMC, the largest eco-
nomic center of Vietnam. The city has a natural area
of approximately 2,061 km2 with relatively low and
flat terrain, influenced by the hydrological regimes
of the Dong Nai, Sai Gon, and Vam Co rivers. Ac-
cording to the General Statistics Office (2023), the
average population of HCMC reached 9.46 million
people; however, if including unregistered residents,
the actual population could reach up to 14 million.
The urban water supply system in HCMC is man-
aged by the SAWACO, with an extensive distribu-
tion network consisting of thousands of kilometers of
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transmission and distribution pipelines. Currently,
the total water supply capacity exceeds 2.4 million
m3/day and night, and the average actual water out-
put is 1,928,000 m3/day, supplying clean water to
nearly 100% of households in urban areas22. How-
ever, HCMC is facing significant challenges related to
the NRW rate, ranging from 15–20% depending on
the area,mainly due to leakage in old pipeline systems,
inaccurate metering, and unsynchronized data man-
agement23.
This study focuses on forecasting NRW in the areas
of water plants Joint Stock Companies (JSCs) under
SAWACO in HCMC. These plants play an important
role in providing clean water to the city’s population.
The NRW rate is an important indicator reflecting the
efficiency of water resource management and usage.

Materials
The dataset used for training and testing the model
consists of monthly records from 2019 to 2024 for
seven JSCs, namely Ben Thanh, Cho Lon, Nha Be,
TanHoa, PhuHoa Tan,ThuDuc, andGia DinhWater
Supply JSCs. The input variables include: (i) monthly
produced water volumes measured at the clean water
production meters of the Corporation’s water plants;
(ii) monthly water volumes recorded at the main me-
ters of the JSCs; and (iii) monthly customer consump-
tion volumes measured at customer meters of the
JSCs. The output variable is the monthly NRW rate
of each JSC, which is subsequently compared with the
observed NRW data to evaluate model performance.
The Can Gio JSC was excluded from the analysis due
to the presence of negative NRW values in 2020 and
2021, primarily resulting from data collection disrup-
tions during the COVID-19 pandemic. Likewise, ab-
normal negative NRW values observed at several wa-
ter plants during the same period were removed from
the dataset. These anomalies were attributed to mea-
surement errors and meter-reading difficulties under
pandemic-related operational constraints. Following
data cleaning, only consistent and physically mean-
ingful records were retained for model training and
validation.

ResearchMethodology
Theprocess of forecasting the NRW rate is carried out
through five main steps, as described in Figure 1.
Step 1 – Data input: The input variables used include
the input production volume from the water plants,
the input production volume from the water supply
JSCs, the volume of water consumption measured at
customer meters, and the NRW rate of the water sup-
ply JSCs.

Step 2 – Model execution: The data is split into two
sets, in which 80% is used for training and the re-
maining 20% is used for testing, to ensure the model’s
accuracy and generalization capability. The machine
learning algorithms applied include Random Forest
(RF), ExtremeGradient Boosting (XGBoost), Support
Vector Regression (SVR), and K-Nearest Neighbors
(KNN).
Step 3 – Model performance evaluation: After train-
ing and testing the models, the performance of each
model is evaluated based on metrics such as the coef-
ficient of determination (R2), root mean square error
(RMSE), and mean absolute error (MAE). This eval-
uation helps to compare and determine which model
provides the best accuracy and forecasting capability.
Step 4 – Model selection: Based on the evaluation re-
sults in the previous step, the model with the highest
performance is selected for forecasting.
Step 5 – Forecasting the 2030 NRW rate: The model
selected in Step 4 is used to forecast the NRW rate of
the water supply companies for the year 2030. The
forecast results support regulatory agencies and wa-
ter companies in formulating policies and solutions
to minimize NRW in the future.

Machine LearningModels
Random Forest: Random Forest (RF) is a machine
learning method belonging to the ensemble model
group, which uses a collection of decision trees inde-
pendently trained on randomly sampled subsets from
the main training set (illustrated in Figure 2a). This
method helps reduce the overfitting phenomenon of
individual trees, thanks to its ability to decrease vari-
ance and improve overall accuracy 27,28. Specifically,
each tree in the RF is built from a bootstrap dataset
and uses only a randomly selected subset of features,
thereby ensuring independence among the trees. The
number of trees is selected through cross-validation
or the out-of-bag error method to optimize model
performance29.
Extreme Gradient Boosting: Extreme Gradient
Boosting (XGBoost) is a prominent boosting model
that works by sequentially constructing decision
trees, where each new tree learns from the errors
of the previous tree to improve prediction capa-
bility (illustrated in Figure 2b). This continuous
training process allows the model to adapt well to
complex data, reduce overall error, and increase
accuracy28,30,31. XGBoost uses a loss function to
evaluate the contribution of each tree and often
requires hyperparameter tuning to achieve opti-
mal performance. Techniques such as grid search
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Figure 1: Implementation steps (Source: Author’s team)

Figure 2: Diagram illustrating the algorithms: Random Forest (a) 24 , Extreme Gradient Boosting (b) 25 , Support
Vector Machine (c) and K-Nearest Neighbors (d) 26

combined with cross-validation are commonly
applied to select appropriate parameters, especially
in high-uncertainty problems such as groundwater
salinity forecasting or NRW rate prediction28.
Support vector Machine: Support Vector Machine
(SVM)32 is a machine learning method introduced
by Vapnik and colleagues in the 1990s for binary
classification problems, and later extended to vari-
ous applications such as regression, anomaly detec-
tion, and clustering. The fundamental problem of
SVM is binary classification: given r data points in
n-dimensional space, each point is labeled as belong-

ing to one of two classes, denoted +1 or –1. The goal
of SVM is to find the optimal separating hyperplane
such that this hyperplane divides the dataset into two
parts, with all points of the same class lying on one
side of the hyperplane (illustrated in Figure 2c). SVR
is a variant of the Support Vector Machine algorithm
used for regression tasks, i.e., predicting continuous
values instead of classification. In Support Vector Re-
gression, this hyperplane is used to predict continu-
ous output values26.
K-Nearest Neighbors (K-NN): K-NN is a learning al-
gorithm that can handle both classification and re-

1390



VNUHCM Journal of Environment and Earth Sciences 2026, 10(2):1387-1400

gression problems by considering the distance (prox-
imity) between input instances (illustrated in Fig-
ure 2d). It is referred to as a non-parametric learn-
ing algorithm because, unlike other supervised learn-
ing algorithms, it does not learn an explicit model
function from the training data. Instead, the algo-
rithm simply memorizes all previous instances and
then predicts the output by searching the training set
for the k nearest neighbors and then: (1) for classi-
fication – predicts the majority class among those k
nearest neighbors, whereas (2) for regression – pre-
dicts the output value as the average of the values of
its k nearest neighbors26.

Performance EvaluationMetrics
Model performance was evaluated using the coeffi-
cient of determination (R2), root mean square error
(RMSE), and mean absolute error (MAE).
Coefficient of Determination (R2)33 – is a measure
of how well the model fits, indicating the proportion
of the variance in the dependent variable that is pre-
dictable from the independent variable(s). The higher
the R2 value, the better the fit of the model. R2 is cal-
culated using Equation (01):

R2 = 1− ∑n
i=1 (yi − ŷi)

2

∑n
i=1 (yi − y)2 (01)

where: i: number of independent variables; n: num-
ber of samples; yi : actual value; ŷi : predicted value; y
: mean value.
The coefficient R2 describes the strength of the linear
relationship between simulated and observed values
and, in several benchmark studies, is classified into
four qualitative levels: Very Good, Good, Satisfactory,
and Not Satisfactory. R2 values ≥ 0.80 at the daily
scale or ≥ 0.85 at the monthly scale are considered
Very Good; values between 0.70 and 0.80 (daily) or
0.75 and 0.85 (monthly) are rated as Good; values be-
tween 0.60 and 0.70 (daily) or 0.65 and 0.75 (monthly)
are considered Satisfactory; and values below these
thresholds are regarded as Not Satisfactory 34,35.
In statistics, MeanAbsolute Error (MAE) is ameasure
of the error between paired observations expressing
the same phenomenon36. MAE is calculated using
Equation (02):

MAE =
∑n

i=1 |yi − ŷi|
n

(02)

where: i: number of independent variables; n: num-
ber of samples; yi: actual value; ŷi: predicted value.
Root Mean Square Error (RMSE)28,33 is the standard
deviation of the residuals, where residuals are the dif-
ferences between the actual values and the values pre-
dicted by the model. RMSE measures the dispersion

of these residuals or, in other words, indicates how
closely the data points cluster around the regression
or prediction line. The formula is given as Equa-
tion (03):

RMSE =

√
1
n

∑n
i=1 (yi − ŷi)

2 (03)

where: i: number of independent variables; n: num-
ber of samples; yi: actual value; ŷi: predicted value.
RMSE and MAE are error-based metrics that quan-
tify the magnitude of deviations between simulated
and observed values and are expressed in the same
units as the variable of interest. Model performance
with respect to these metrics is evaluated on a rela-
tive basis, where smaller RMSE and MAE values in-
dicate lower simulation errors and better model per-
formance. RMSE is more sensitive to large errors,
whereas MAE reflects the average error and is less af-
fected by outliers. A model is considered to perform
well when RMSE and MAE are small, stable, and con-
sistent across simulation periods and are reasonable
relative to the variability of the observed data 34,35.

RESULTS ANDDISCUSSION
Training and Testing the NWRModels

Training results
On the training set (Figure 3 and Figure 4), all three
models RF, XGB, and SVR showed very high per-
formance, with determination coefficients R2 ranging
from 0.96 to nearly 1.0 in most companies. Specifi-
cally, XGB achieved an absolute R2 of 1.000 in many
companies such as Thu Duc, Ben Thanh, Cho Lon,
Nha Be, and Trung An, indicating perfect fitting abil-
ity with the training data. Similarly, SVR also reached
R2 > 0.99 in many cases like Cho Lon (0.9996), Nha
Be (0.9991), and Gia Dinh (0.9996) (Table 1). RF
achieved the highest R2 at Nha Be (0.9902), showing
good learning capability on the training data. How-
ever, K-NN had significantly lower performance on
the training set, with R2 only reaching 0.6516 (Thu
Duc) and 0.6907 (Ben Thanh), indicating it could not
learn the data as well as the other models.
However, significant differences were recorded when
evaluating on the test set (Figure 5 and Figure 6).
Although XGB trained very well, its performance
dropped sharply on the test set, shown by low R2 val-
ues such as 0.4752 (Thu Duc), 0.3236 (Cho Lon, Ben
Thanh), indicating overfitting. RMSE and MAE of
XGB also increased, with RMSE = 1.819 (Cho Lon)
and MAE = 0.6066 (Cho Lon). For SVR, test results
variedwidely: at Nha Be andTanHoa, R2 were 0.9235
and 0.8577 respectively, but at Ben Thanh and Phu
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HoaTan, they dropped to 0.0223 and 0.1171 (Table 1).
This shows that SVR depends heavily on each com-
pany, performing well in some places but poorly in
others.
Regarding Random Forest, although it did not reach
absolute R2 on training like XGB, the model showed
the most stability when moving to testing. For exam-
ple, at Ben Thanh, R2 = 0.8121; at Gia Dinh, 0.8594;
and notably at Cho Lon, it reached 0.8199. Although
in some places R2 was not as high as SVR (such as at
Thu Duc), the RMSE and MAE of RF were more sta-
ble, indicating better generalization ability, avoiding
overfitting like XGB and large fluctuations like SVR.
Therefore, considering all three criteria R2, RMSE,
and MAE, Random Forest was selected as the opti-
mal model to forecast NRW rates for the water supply
companies in this study.

Testing results

NRW Forecasts until 2030
The forecast results until 2030 at the JSCs by RF show
that the NRW rates are quite variable (Figure 7 and
Figure 8). Specifically, Phu Hoa Tan JSC has the low-
est loss rate among the calculated units, ranging from
4.6% to 8.1%, indicating that its water supply system
has low leakage levels and relatively effective loss con-
trol. In contrast, Trung An JSC maintains a high loss
rate throughout the year, with forecast values rang-
ing from 15.2% to 18.0%, peaking in February 2030
(18.0%).
Other companies such as Tan Hoa, Cho Lon, and
Ben Thanh have medium to high loss rates, often ex-
ceeding 15% in many months, reflecting pressure on
the water supply system or limitations in leak con-
trol. Notably, Tan Hoa reaches its highest loss rate
in November 2030 at 17.9%, while Cho Lon records
its peak at 17.3% in the same month. Meanwhile, Thu
Duc andGiaDinhmaintain relatively stable loss rates,
fluctuating from 10.9% to 16.1%, falling into the lower
group across the entire system.
Regarding time, a sudden increase in loss rates is
recorded in February (Table 2). HCMC has a trop-
ical monsoon climate, with water demand typically
rising during the dry season (January–April) due to
high temperatures, low rainfall, and increased domes-
tic and industrial needs. Forecast data showmanywa-
ter supply companies experience high loss rates dur-
ing these months, for example, Trung An (February:
18.0%), Gia Dinh (February: 12.1%), and Thu Duc
(February: 13.8%). The sudden increase in demand
causes higher pressure on the pipeline network, in-
creasing the likelihood of leaks and losses 37.

Besides weather factors, regional demand also affects
loss fluctuations. Central areas such as BenThanh and
Cho Lon have high population density and commer-
cial activities, with stable water demand year-round,
so loss rates fluctuate but not drastically. Meanwhile,
suburban areas like Trung An and Nha Be experience
rapid demand growth due to urbanization, leading
to higher system pressure and greater losses in some
months
SAWACO has set a roadmap to reduce NRW in the
HCMC water supply system for the period 2022–
2025, with a vision toward 2030, aiming to reduce the
NRW rate to below 17.5% by 2025 and below 15% by
203038. Based on the forecast results from the Ran-
dom Forest machine learning model for NRW rates
until 2030, it can be seen that the trend of reducing
NRW continues to be maintained positively, aligning
with SAWACO’s planned roadmap. Specifically, ac-
cording to the model results, three companies exceed
the 15% threshold: Trung An, TanHoa, and Cho Lon,
indicating that these areas need focused improve-
ment and investment in better measurement technol-
ogy and loss management. Conversely, three com-
panies have loss rates below 15% but still show some
months exceeding 15%, namely BenThanh (February
and November), Nha Be (February and August), and
Thu Duc. This indicates local fluctuations over time
that require close monitoring to avoid surpassing the
target threshold. Additionally, two companies consis-
tently maintain loss rates below 15% throughout the
year: Phu Hoa Tan and Gia Dinh, reflecting effective
management and operation of the water supply net-
work in these areas.
Average loss rates between 12–17% are classified as
moderate according to international standards from
the IWA (International Water Association). Accord-
ing to this organization, NRW below 10% is consid-
ered advanced, 10–20% is acceptable, and above 25%
requires improvement39.
According to World Bank studies, NRW rates vary
significantly between countries40. n developed coun-
tries, water supply companies often maintain NRW
below 15%, with the most efficient units like Tokyo
and Singapore achieving around 3–5% 41. Singapore
recorded the lowest NRW rate globally, about 4.7% in
2012, thanks to applying pressure management tech-
nology, automatic leak monitoring, and modern data
management systems42. Conversely, in many devel-
oping countries, NRW commonly ranges from 30–
60% or higher. Typical cases include Manila, with
NRW exceeding 35–40%, while many cities in Africa
report levels above 45%. In Malaysia, NRW remains
high at 36.6%, ranging from 18% to 62% between

1392



VNUHCM Journal of Environment and Earth Sciences 2026, 10(2):1387-1400

Figure 3: Training results at Thu Duc (with RF (a), XGBoost (b), SVR (c) and (KNN (d)), Ben Thanh (with RF (e),
XGBoost (f ), SVR (g) and (KNN (h)), Cho Lon (with RF (i), XGBoost (k), SVR (l) and (KNN (m)), and Phu Hoa Tan (with
RF (n), XGBoost (o), SVR (p) and (KNN (q)) (Source: Author’steam)

Figure4: Training results at Nha Be (with RF (a), XGBoost (b), SVR (c) and (KNN (d)), TanHoa (with RF (e), XGBoost (f ),
SVR (g) and (KNN (h)), Gia Dinh (with RF (i), XGBoost (k), SVR (l) and (KNN (m)), and Trung An (with RF (n), XGBoost
(o), SVR (p) and (KNN (q)) (Source: Author’s team)
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Figure5: Testing results at ThuDuc (with RF (a), XGBoost (b), SVR (c) and (KNN (d)), Ben Thanh (with RF (e), XGBoost
(f ), SVR (g) and (KNN (h)), Cho Lon (with RF (i), XGBoost (k), SVR (l) and (KNN (m)), and Phu Hoa Tan (with RF (n),
XGBoost (o), SVR (p) and (KNN (q)) (Source: Author’s team)

Figure 6: Testing results at Nha Be (with RF (a), XGBoost (b), SVR (c) and (KNN (d)), Tan Hoa (with RF (e), XGBoost (f ),
SVR (g) and (KNN (h)), Gia Dinh (with RF (i), XGBoost (k), SVR (l) and (KNN (m)), and Trung An (with RF (n), XGBoost
(o), SVR (p) and (KNN (q)) (Source: Author’s team)
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Figure 7: Forecast results at Thu Duc (a), Ben Thanh (b), Cho Lon (c) and Phu Hoa Tan (d) (Source: Author’s team)

Figure 8: Forecast results at Nha Be (a), Tan Hoa (b), Gia Dinh (c) and Trung An (d) (Source: Author’s team)
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Table 1: Summary of R2, RMSE, andMAE indicators of the JSCsmodels (Source: Author’s team)

No. Water
Supply JSCs

Evaluation
Metric

RF XGB SVR K-NN

Train Test Train Test Train Test Train Test

1 Thu Duc R2 0.9816 0.7052 1.0000 0.4752 0.9996 0.8310 0.6516 0.1099

RMSE 0.0985 0.4150 0.0012 1.1024 0.0129 0.3793 0.6334 1.2411

MAE 0.0127 0.1383 0.0002 0.3675 0.0017 0.1246 0.0818 0.4137

2 Ben Thanh R2 0.9687 0.8121 1.0000 0.3236 0.9997 0.2223 0.6907 0.3153

RMSE 0.2465 0.2728 0.0006 1.8199 0.0129 0.2281 0.2680 1.3324

MAE 0.0318 0.0909 0.0001 0.6066 0.0017 0.0760 0.0346 0.4441

3 Cho Lon R2 0.9663 0.8199 1.0000 0.3236 0.9996 0.7241 0.8673 0.1019

RMSE 0.1284 0.2478 0.0008 1.8199 0.0129 0.9189 0.3423 1.3381

MAE 0.0166 0.0826 0.0001 0.6066 0.0017 0.3063 0.0442 0.4460

4 Phu Haa Tan R2 0.9731 0.5705 1.0000 0.1963 0.9997 0.1171 0.7622 0.0275

RMSE 0.1156 1.0187 0.0004 0.1823 0.0130 0.2080 0.4838 2.4079

MAE 0.0149 0.3396 0.0000 0.0608 0.0149 0.0693 0.0625 0.0826

5 Nha Be R2 0.9902 0.7245 1.0000 0.7446 0.9991 0.9235 0.8509 0.5749

RMSE 0.0450 0.2056 0.0011 1.2248 0.0129 0.0167 0.2585 0.3802

MAE 0.0058 0.0685 0.0001 0.4083 0.0017 0.0056 0.0334 0.1267

6 Tan Hoa R2 0.9674 0.5050 0.9999 0.4883 0.9710 0.8577 0.7441 0.2908

RMSE 0.0566 0.6555 0.0073 0.8129 0.0129 0.0476 0.1874 0.4399

MAE 0.0073 0.2185 0.0009 0.2710 0.0017 0.0159 0.0242 0.1466

7 Gia Dinh R2 0.9868 0.8594 1.0000 0.8696 0.9996 0.8237 0.7689 0.6515

RMSE 0.0715 1.8146 0.0060 1.5254 0.0095 0.3925 0.0700 0.8440

MAE 0.0092 0.6049 0.0008 0.5085 0.0012 0.1308 0.0090 0.2813

8 Trung An R2 0.9636 0.6260 1.0000 0.4941 0.9979 0.7637 0.6392 0.5994

RMSE 0.0374 1.1842 0.0050 0.0669 0.0129 0.4846 0.5579 0.0583

MAE 0.0048 0.3947 0.0006 0.0223 0.0017 0.1615 0.0720 0.0194

states, with 5 out of 13 states having NRW above
50%43. According to a World Bank (2006) study,
the average NRW in developing countries is often
very high, with many water supply systems record-
ing losses over 40% of produced water, sometimes
exceeding 50–60% 40 causing significant economic
losses to water supply companies.
Compared to other cities worldwide, HCMC shows
better NRW levels than many urban areas in develop-
ing countries as well as in Southeast Asia, but still re-
mains higher than developed cities. These differences
mostly arise from pipeline infrastructure and mon-
itoring technology44,45. Developed countries like

Japan46 and Singapore47 have implemented IoT sys-
tems, AI, pressure monitoring, and centralized data
management, while Southeast Asian cities are still in
the process of upgrading. HCMC currently ranks at a
good average level but still has the potential to reduce
NRW below 10% if technical and management solu-
tions are deployed comprehensively. This aligns with
the recommendations of Liemberger & Wyatt (2018)
on improving sustainable water supply efficiency39.

CONCLUSION
The results show that the Random Forest model pro-
vides the best training performance for loss rates
on the network, with determination coefficient R2 >
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Table 2: Summary of the 2030 NRW rate forecasts of the water supply JSCs (Source: Author’s team)

Unit (%) Water Supply Joint-Stock Company

Time Thu Duc Ben Thanh Cho Lon Phu Hoa Tan Nha Be Tan Hoa Gia Dinh Trung An

1/2030 12.2 12.1 12.1 4.6 14.5 14.6 13.4 15.8

2/2030 13.8 15.0 16.9 6.6 14.7 16.6 12.1 18.0

3/2030 13.2 13.5 15.3 7.9 12.6 15.5 11.6 15.3

4/2030 15.3 12.6 14.8 5.3 14.6 17.0 12.3 16.2

5/2030 11.2 13.9 14.6 5.8 10.8 13.2 11.7 11.4

6/2030 13.7 13.8 15.4 5.0 14.2 16.3 12.0 17.0

7/2030 12.4 12.8 15.6 6.2 13.0 14.4 11.5 16.4

8/2030 15.6 13.9 15.2 5.8 15.3 17.6 12.7 14.9

9/2030 16.1 13.5 16.7 6.0 14.5 16.1 12.7 16.6

10/2030 13.7 13.2 15.7 6.0 12.5 15.1 10.6 16.1

11/2030 17.0 13.4 17.3 5.8 13.1 16.3 12.6 16.5

12/2030 10.9 13.0 16.2 6.1 10.7 17.9 12.1 16.7

0.8, root mean squared error (RMSE) < 1.5%, and
mean absolute error (MAE) < 1%. Extreme Gradi-
ent Boosting and Support Vector Regression models
also deliver fairly good metrics with R2 > 0.7, RMSE
and MAE below 2% and 1.5% respectively, but their
test set performance is not as good as Random For-
est. However, the K-Nearest Neighbour model is not
highly rated for the collected dataset.
Forecasts until 2030 indicate a sudden increase in
NRW recorded in February, due to higher domestic
and industrial water demand during this time, which
increases pressure on the pipeline network and conse-
quently the risk of leaks and losses. Results also show
that central areas have lower NRW compared to sub-
urban areas, due to differences in infrastructure and
the impact of urbanization. The predicted loss lev-
els for plants in HCMC range from 12–17%, which is
considered acceptable according to international IWA
standards. A limitation of this study is that factors
such as population fluctuations and changes in water-
using households have not yet been incorporated.
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TÓM TẮT
Tình trạng thiếu hụt và thất thoát tài nguyên nước là một trong những vấn đề nghiêm trọng tại
các khu vực đô thị trên toàn thế giới, với khoảng 32 tỷ mét khối nước sạch đã qua xử lý bị thất
thoát mỗi năm do rò rỉ từ các hệ thống phân phối nước đô thị. Việc dự báo tỷ lệ thất thoát nước
(Non-Revenue Water – NRW) trong tương lai đóng vai trò quan trọng trong việc giảm thiểu sự suy
giảm tài nguyên và lãng phí kinh tế, đồng thời góp phần thực hiện Mục tiêu Phát triển Bền vững
số 6 của Liên Hợp Quốc về Nước sạch và Vệ sinh. Nghiên cứu này đánh giá khả năng ứng dụng
bốnmô hình họcmáy gồm Random Forest Regression (RF), Extreme Gradient Boosting Regression
(XGBoost), Support Vector Regression (SVR) và K-Nearest Neighbours (KNN) để tính toán và dự báo
tỷ lệ NRW của bảy công ty cổ phần cấp nước trực thuộc Tổng Công ty Cấp nước Sài Gòn (SAWACO)
tại Thành phố Hồ Chí Minh, Việt Nam. Bộ dữ liệu bao gồm các số liệu theo tháng trong giai đoạn
2019–2024, gồm sản lượng nước sản xuất tại các nhà máy xử lý, số liệu từ đồng hồ tổng trên mạng
lưới phân phối và lượng nước tiêu thụ của khách hàng. Kết quả cho thấy mô hình RF đạt hiệu quả
dự báo tỷ lệ NRW tốt nhất với R2 > 0,8, RMSE < 1,5% và MAE < 1% trong quá trình huấn luyện. Hai
mô hình XGBoost và SVR cũng cho kết quả khả quan với R2 > 0,7, RMSE và MAE lần lượt nhỏ hơn
2% và 1,5%, mặc dù hiệu quả trên tập kiểm định chưa đạt mức như RF. Dự báo đến năm 2030 cho
thấy tỷ lệ NRW có xu hướng tăng theo mùa vào tháng Hai, chủ yếu do nhu cầu sử dụng nước sinh
hoạt và công nghiệp gia tăng, làm tăng áp lực lên mạng lưới đường ống cấp nước. Kết quả cũng
chỉ ra rằng các công ty cấp nước tại khu vực nội thành có tỷ lệ NRW thấp hơn (12–17%) so với các
công ty phục vụ khu vực ngoại thành, cho thấy sự khác biệt về hạ tầng cấp nước cũng như tác
động của quá trình đô thị hóa. Những kết quả thu được cung cấp cơ sở khoa học cho chiến lược
quản lý cấp nước bền vững của SAWACO và hỗ trợ lộ trình phát triển chiến lược của Thành phố Hồ
Chí Minh.
Từ khoá: Học máy, Cấp nước, Thất thoát nước
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