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Supplementary Materials: Smart Residential Water Monitoring:
A Systematic Review of Sensing Technologies, Water End-Use
Identification, and Artificial Intelligence

This supplementary material serves as a comprehensive, structured data repository de-
signed to supplement the systematic review presented in the main text without disrupting
its narrative flow. It catalogs the complete dataset of 100 reviewed articles (N = 100),
segregated systematically across four primary analytical domains: Classification and Event
Recognition (Table S1, n = 37), Volumetric Disaggregation and Demand Forecasting (Table
S2, n = 19), Clustering and Behavioral Profiling (Table S3, n = 16), and Anomaly Detection,
Edge Computing, Preprocessing, and Benchmark Datasets (Table S4, n = 28).

Supplementary Material S1: Scopus Search Queries and Syntax. The complete database-
specific search strings and Boolean logic used for the literature retrieval in Scopus are
detailed below.

1. Core Non-Intrusive String:
TITLE-ABS-KEY (

("non-intrusive" OR "nonintrusive"
OR "NILM" OR "NIALM")

AND
("water consumption" OR "water use"
OR "water end-use")

)
AND NOT TITLE-ABS-KEY (

"demand" OR "quality"
)
AND PUBYEAR > 2016 AND PUBYEAR < 2027

2. End-Use Endpoints String:
TITLE-ABS-KEY (

("water end-use" OR "water end uses"
OR "end-use water consumption"
OR "end use water consumption"
OR "end-use water"
OR "residential water end-use")

AND
("machine learning" OR "deep learning"
OR "artificial intelligence"
OR "pattern recognition"
OR "classification"
OR "event detection")

)
AND NOT TITLE-ABS-KEY (

"demand" OR "quality"
)
AND PUBYEAR > 2016 AND PUBYEAR < 2027

3. Hardware and Sensing String:
TITLE-ABS-KEY (

("water consumption" OR "water use"
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OR "water end-use")
AND
("flowmeter" OR "flow meter"
OR "flow sensor" OR "water flow"
OR "flow rate" OR "pressure"
OR "pressure sensor" OR "hydrostatic"
OR "water tank" OR "storage tank"
OR "tank level" OR "water level"
OR "water level sensor"
OR "tank monitoring")

AND
("residential" OR "household"
OR "domestic" OR "home")

)
AND NOT TITLE-ABS-KEY (

"demand" OR "quality"
)
AND PUBYEAR > 2016 AND PUBYEAR < 2027

4. Algorithmic Paradigms String:
TITLE-ABS-KEY (

("water end-use" OR "water end use"
OR "water consumption" OR "water use")

AND
("residential" OR "domestic"
OR "household" OR "urban"
OR "indoor" OR "smart meter*"
OR "disaggregation" OR "NILM"
OR "NIWM")

AND
("machine learning" OR "SVM"
OR "support vector machine"
OR "random forest" OR "decision tree"
OR "k-nearest neighbor" OR "KNN"
OR "logistic regression"
OR "artificial neural network"
OR "deep learning" OR "CNN"
OR "convolutional network"
OR "LSTM" OR "long short-term memory"
OR "GRU" OR "transformer"
OR "neural network")

)
AND NOT TITLE-ABS-KEY (

"agri*" OR "crop*" OR "farm*"
OR "irrigat*" OR "evapotranspiration"
OR "vegetation" OR "soil" OR "basin"
OR "yield" OR "cultivation"
OR "paddy" OR "wheat" OR "maize"
OR "plant*" OR "demand" OR "quality"

)
AND PUBYEAR > 2016 AND PUBYEAR < 2027

5. Event Detection String:
TITLE-ABS-KEY (

("water consumption" OR "water use"
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OR "water end-use")
AND
("event detection" OR "event classification"
OR "water event" OR "usage event"
OR "consumption event")

)
AND NOT TITLE-ABS-KEY (

"demand" OR "quality"
)
AND PUBYEAR > 2016 AND PUBYEAR < 2027

Supplementary Material S2.1: Complete study-by-study performance breakdown,
classification targets, and operational insights for all evaluated classification and event
recognition models (n = 37).

Table S1. Detailed performance breakdown for classification and event recognition models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Pavlou et al. [1] DTW + Time-Series
Classifier

End-use
disaggregation &
event classification

F1-score: 71.73%
(LB), 71.04% (MB),
72.01% (Edge)

Non-intrusive, low-cost.
Embedded edge computing
enhances data privacy,
security, and enables real-time
processing on low-frequency
data.

Meyer et al. [2] Classification models
/ Practice-based limit
schemes

Binary indoor vs.
outdoor event
classification

Volume accuracy:
∼ 81% (Indoor),
∼ 98% (Outdoor)

Leverages basic smart meter
data without high-frequency
sensing; validated on
large-scale datasets
(> 200, 000 events) across
Australia and South Africa.

Zhou et al. [3] RF & Gated Recurrent
Unit (GRU)

Toilet flushing
identification
(end-use detection)

F1-score: 88.46%
(RF w/ physical
features), 85.62%
(RF w/ time series),
86.18% (GRU)

Demonstrates that
incorporating domain-specific
physical features outperforms
raw time-series inputs for
targeted appliance/fixture
detection.

Mazzoni et al.
[4]

Rule-based /
Feature-matching
algorithm

Automated indoor
end-use
disaggregation &
event classification

Avg. Accuracy
> 90%, Avg.
NRMSE < 0.06

Enables accurate end-use
classification using
low-frequency (1-min) data
typical of commercial smart
meters without requiring
household-specific calibration.

Keramati et al.
[5]

K-Nearest Neighbors
(KNN) +DL

Multi-modal NILM
& dual-utility
disaggregation

Marked accuracy
improvement over
single-utility NILM

Leverages water-electricity
correlation signatures to
resolve overlapping appliance
consumption modes using
low-frequency (1-min) smart
meters.

Nguyen et al. [6] Stacked Ensemble (RF
+ LR + NN w/
Regression Tree)

End-use event
classification &
disaggregation

Accurate
predictions across
citywide datasets

Enables citywide end-use
characterization using
standard low-resolution
(15–60 min) utility smart
meters without requiring
hardware upgrades.

Nguyen et al. [7] RF, XGBoost & Neural
Networks

End-use category
prediction &
disaggregation

High classification
accuracy across
categories

Demonstrates that feature
selection (e.g., time flow rate)
enables effective end-use
analysis from coarse 15–60
min smart meter data.
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Table S1. Detailed performance breakdown for classification and event recognition models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Heydari et al. [8] RF classifier End-use
classification across
temporal
resolutions

Weighted F1-score
> 0.85 (at 1–5s
resolution)

Quantifies resolution vs.
accuracy trade-off: 1–5s ideal
for short events (toilets), while
1-min suffices for long events
(showers/washing machines).

Arsene et al. [9] K-Means clustering +
Supervised ML
classifiers

Event extraction &
outlet/source
classification

Evaluated via
clustering and
classification
metrics

Combines an end-to-end IoT
data pipeline with ML for
automated event extraction
and consumption source
prediction.

Carranza et al.
[10]

SVM & ANN Residential end-use
identification &
pattern recognition

High automated
classification
accuracy (> 35M
events)

Scalable long-term end-use
disaggregation model
deployed by Canal de Isabel II
on a 300-household dataset in
Madrid.

Soares et al. [11] RF Simple vs.
combined event
identification
(overlapping
end-uses)

High accuracy on
simple events;
identifies complex
overlapping events

Focuses on distinguishing
simple from simultaneous
overlapping water end-use
events in low-income
household settings.

Yang et al. [12] Hybrid SOM +
K-Means
pre-clustering with
ANN & HMM

Automated end-use
event classification
& disaggregation

Categorization
accuracy:
86.0%–94.2%
(+1.7% to +9.0% vs.
v2.1)

Integrates SOM and K-means
pre-grouping into Autoflow
v3.1 to significantly enhance
residential water end-use
categorization accuracy.

Heydari and
Stillwell [13]

RF, SVM, LogReg, NN
& CTGAN

Supervised end-use
classification &
synthetic data
benchmarking

F1-score: 0.83–0.90
(balanced); RF
achieved best
overall accuracy

Uses CTGAN to generate
synthetic end-use data to
address data
scarcity/imbalance and
evaluates ML classifier
robustness across scenarios.

Pradeep et al.
[14]

XGBoost & TabNet End-use
classification &
disaggregation
comparative
analysis

High accuracy;
XGBoost showed
superior noise
robustness &
efficiency

Compares XGBoost and
TabNet for water
disaggregation, highlighting
XGBoost’s superior
performance, computational
efficiency, and noise tolerance.

Mello et al. [15] 1-Nearest Neighbor
(1-NN) w/ DTW,
LCSS, EDR & ERP

Water flow pattern
classification &
similarity
benchmark

Parameter
optimization for
DTW, LCSS, EDR,
ERP

Compares DTW and
edit-distance metrics with
1-NN to optimize time-series
classification of disaggregated
flow patterns.

Chávez-Flores
et al. [16]

Decision Tree, RF,
SVM (RBF), KNN &
LSTM

Water-use activity
classification under
intermittent supply

Accuracy > 92%,
SVM acc.: 93.07%,
F1: 0.93, ROC AUC:
0.97–1.00

Demonstrates that
non-intrusive hydrostatic
pressure sensing in storage
tanks enables accurate
end-use identification during
IWS.

Papatheodoulou
et al. [17]

Multi-label time series
classification & ML
classifiers

End-use
disaggregation w/o
explicit event
detection

Effective multi-label
classification on
aggregated
sequences

Formulates water end-use
monitoring as a multi-label
time-series classification
problem, eliminating explicit
a-priori event detection.

Pastor-Jabaloyes
et al. [18]

NSGA-II (Genetic
Algorithm) + cropping
algorithm

Automated flow
trace event
disaggregation &
classification

Robust
disaggregation
accuracy &
processing time
savings

Automates flow trace
disaggregation via NSGA-II
calibrated filtering and
cropping, drastically cutting
manual analysis time.
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Table S1. Detailed performance breakdown for classification and event recognition models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Charalampous
et al. [19]

Signal processing +
Supervised ML

Real-time water
appliance flow
classification

Classification
accuracy: ∼ 91%

Combines advanced signal
processing with supervised
ML to classify four main
household water appliances in
real time.

Meyer et al. [20] Classification model
for rudimentary
meters

Binary indoor vs.
outdoor
consumption
classification

212, 060 events
classified (30%
volume outdoor)

Classifies household
consumption into
indoor/outdoor components
using coarse low-resolution
single-meter datasets without
high-frequency traces.

Gourmelon et al.
[21]

SVM vs. DTW,
K-Means, DBSCAN,
OPTICS & Hough
Transform

Supervised vs.
unsupervised
end-use
classification (7
categories)

SVM accuracy: up
to 99%
(unsupervised
failed full
separation)

Compares supervised and
unsupervised methods on
synthetic flow traces, proving
SVM achieves up to 99%
accuracy where unsupervised
clustering falls short.

Bastidas Pacheco
et al. [22]

Multi-resolution
feature extraction &
comparative analysis

End-use event
identification &
temporal resolution
impact

Full pulse
resolution yields
superior feature
discriminability

Evaluates how temporal
resolution (4s, 5s, 10s vs. full
pulse) affects end-use
detection, proving full pulse
resolution maximizes feature
accuracy.

Sablica et al. [23] Bidirectional Long
Short-Term Memory
(Bi-LSTM) & Gated
Transformer Network
(GTN)

Shower duration
estimation &
multi-modal event
recognition

Outperformed
baselines; humidity
& temp. key
predictors

Applies Bi-LSTM and Gated
Transformer models to
ambient sensor streams
(humidity, temperature,
sound) to accurately estimate
shower duration for water
conservation.

Günther et al.
[24]

RF classifier Individual shower
user identification &
behavioral profiling

Accuracy: 98.8%
(2-person), 83.2%
(5-person)

Leverages smart shower meter
time series to identify
individual household
members for targeted,
personalized feedback.

Keramati et al.
[25]

Event-based
multi-label
classification

Multi-modal NILM
& appliance
disaggregation

Water features
resolved power
profile ambiguities

Integrates water consumption
patterns into multi-label
classification to resolve
disaggregation ambiguities
among appliances with
identical power profiles.

Adrian Somon-
tina and
Queen MacAbebe
[26]

ML classification &
preprocessing
algorithms

Non-intrusive
pressure-based
fixture recognition
& volume
estimation

Accuracy: 88%,
Precision: 91%,
Recall: 88%, F1: 87%

Implements a non-intrusive
single pressure sensor
monitoring system using ML
for fixture recognition across
residential and restroom test
sites.

Pelekanos et al.
[27]

Unsupervised
K-Means +
probabilistic domain
knowledge

Low-resolution
(1-min) end-use
disaggregation w/
minimal data

Reliable on faucets/
toilets/showers;
lower on washing
machines/
dishwashers

Combines K-Means clustering
with domain knowledge to
disaggregate 1-minute flow
time series into household end
uses without requiring
training data.
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Table S1. Detailed performance breakdown for classification and event recognition models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Laceda Taloma
et al. [28]

UNet-WD (Deep
UNet architecture)

Non-intrusive
multi-appliance
water
disaggregation

Effective near
real-time
disaggregation; data
sparsity key
challenge

Proposes UNet-WD, a deep
UNet architecture for near
real-time non-intrusive water
disaggregation across multiple
household appliances using
high-resolution smart meter
data.

Brunelli et al.
[29]

Gated Recurrent Units
(GRU)

Automated sink
activity
classification &
wastage detection

Avg. accuracy
> 90% (9 sink
activities)

Integrates a low-cost
multi-sensor IoT prototype
(microphone, ultrasonic, PIR)
with GRU DL to classify sink
usage activities and detect
water wastage.

Luk et al. [30] ML classification &
sampling rate analysis

Water end-use
classification &
sampling rate
optimization

Accuracy: 66.6%
(5s) → 76.1% (1s)

Evaluates a high-resolution
tap-based IoT sensor network
across an 8-month
deployment, proving that
increasing sampling frequency
from 5s to 1s improves
classification accuracy.

Vitter and
Webber [31]

SVM w/ Multi-modal
Fusion

Multi-modal
water-energy
end-use event
classification

Robust classification
maintained up to
120 s sampling

Integrates water meter data
with circuit-level electricity
monitoring to resolve
coincidental end-use events
(clothes washer, dishwasher,
shower) across coarse
sampling intervals (10–120 s).

Forster et al. [32] Rule-based Thermal
Thresholding & Signal
Detection

Water event
detection, hot/cold
stream separation &
ADL tracking

Independent hot vs.
cold event &
duration detection

Attaches external thermistors
to hot/cold pipes for
continuous thermal
monitoring to track activities
of daily living without pipe
modification.

Cristiano et al.
[33]

Automated Pattern
Recognition Logic

Binary garden
irrigation event
detection &
profiling

High accuracy
across 23
households over 2
years

Classifies 1-min resolution
smart meter time series into
irrigation vs. non-irrigation
days to generate normalized
daily outdoor demand
profiles.

Somontina et al.
[34]

ML RF Fixture recognition
& event volume
estimation

Event volume
accuracy: 92.91%,
Precision: 63%

Combines single-point flow
sensing with fluid dynamics
sampling on microcomputers
to disaggregate end-use
fixtures (faucet, toilet, shower)
and estimate consumption
volume.

Gross et al. [35] PyNIWM Framework
(4 ML Classifiers)

Residential water
end-use event
classification

F1-score > 0.85
across ∼ 800,000
events

Evaluates four ML classifiers
within the PyNIWM
benchmark framework across
762 homes (800k labeled
events in US/Canada) to
enable non-intrusive
residential end-use
disaggregation.
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Table S1. Detailed performance breakdown for classification and event recognition models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Attallah et al.
[36]

Semi-Supervised
Self-Learning
Algorithm

End-use event
disaggregation &
domain adaptation

Validated across 5
homes w/ transfer
learning

Leverages semi-supervised
self-learning to disaggregate
residential smart meter events
and adapt classifiers to
unlabeled homes across
varied meter types.

Arsene et al. [37] Unsupervised
K-Means Clustering

Household water
activity profiling &
event clustering

Isolated distinct
duration/volume
usage clusters

Applies K-Means clustering
on event volume and duration
features to profile fixture
activities (toilet, sink) and
identify high-consumption
sources.

Supplementary Material S2.2: Detailed performance breakdown, algorithm targets,
and predictive metrics for all evaluated volumetric disaggregation, regression, and demand
forecasting models (n = 19).

Table S2. Detailed performance breakdown for volumetric disaggregation, regression, and forecasting
models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Obringer et al.
[38]

Sequence-to-Point
(Seq2Point) Deep
Neural Network

Appliance-level
volumetric
disaggregation

MAE:
0.12–0.45 L/min,
Relative Error < 8%

Adapts energy NILM
architectures to
high-resolution water traces,
demonstrating superior
volume estimation accuracy
over traditional seq2seq
models.

Lee and Derrible
[39]

Bi-LSTM Hourly / Daily
municipal water
demand forecasting

MAPE: 3.12%,
RMSE: 12.4 m3/h

Captures complex temporal
dependencies and
weather-driven demand
surges for real-time
operational optimization in
distribution networks.

Zhang et al. [40] Convolutional Neural
Network (CNN) +
LSTM Hybrid

Sub-metered fixture
volume estimation

Volume estimation
error < 5%

Combines spatial feature
extraction from transient flow
signals with temporal
modeling to disaggregate
complex simultaneous events.

Sabzchi-
Dehkharghani
et al. [41]

Temporal
Convolutional
Network (TCN)

Short-term
household demand
forecasting

MAE: 0.08 L/min,
R2 : 0.94

Outperforms recurrent
baselines in computational
efficiency and gradient
stability while accurately
predicting peak consumption
hours.

Zhang et al. [42] Support Vector
Regression (SVR) w/
Bayesian
Optimization

Daily residential
consumption
prediction

RMSE: 15.2 L/day,
MAPE: 4.8%

Demonstrates high robustness
on small-sample datasets
where DL architectures tend
to overfit, optimizing
hyper-parameter tuning
automatically.
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Table S2. Detailed performance breakdown for volumetric disaggregation, regression, and forecasting
models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Xia et al. [43] GBR (XGBoost /
LightGBM)

Multi-step ahead
urban water
demand forecasting

R2 : 0.96, MAPE:
2.85%

Provides fast training times
and high accuracy, effectively
incorporating
socio-demographic and
meteorological exogenous
variables.

Kim et al. [44] Transformer-based
Time Series
Architecture

Long-term
aggregate demand
forecasting

MSE: 0.014, MAE:
0.062

Leverages self-attention
mechanisms to learn
long-range temporal
correlations across multiple
seasonal cycles without
performance degradation.

Lagang and
Jayoma [45]

DL Regression Models
(LSTM, GRU)

High-resolution
volumetric
disaggregation

Volumetric error
< 6% across major
fixtures

Evaluates recurrent
architectures on sub-minute
smart meter data to quantify
precise fixture volumes during
simultaneous usage events.

Nasser et al. [46] Multi-Layer
Perceptron (MLP) &
Recurrent Neural
Networks

Urban water
demand forecasting
under climate
variability

R2 > 0.91, Low
RMSE across
seasonal extremes

Models nonlinear interactions
between temperature,
precipitation, and urban
consumption to improve
long-term utility planning.

Marsili et al. [47] RF Regressor &
ElasticNet

End-use volume
decomposition from
coarse meter data

Mean Absolute
Relative Error
(MARE) < 10%

Decomposes aggregate weekly
and monthly billing data into
approximate fixture-level
consumption shares using
demographic proxies.

Saganowski and
Andrysiak [48]

Non-linear
AutoRegressive
Network with
Exogenous Inputs
(NARX)

Short-term district
metered area (DMA)
flow forecasting

Peak flow
prediction accuracy
> 93%

Incorporates local weather
forecasts and day-of-week
indicators to predict hydraulic
loads and pressure
management requirements.

Kamau and
Waruguru [49]

Hybrid ARIMAX +
Feedforward Neural
Network

Municipal water
demand forecasting
with weather
covariates

MAPE: 2.15%
(15-min ahead
forecast)

Combines linear time-series
modeling with neural
networks to capture transient
weather-induced consumption
spikes.

Maussner and
Teppan [50]

Dataset Aggregation
vs. Ensemble Learning
(Linear to LSTM)

Spatial
transferability of
regional water
demand forecasting

Transfer prediction
error < 1% on
average

Compares data aggregation
and ensemble learning (linear
to LSTM) to achieve high
spatial transferability of water
demand forecasting across 10
Italian regions.

Wang et al. [51] Hybrid DL (Prophet +
GRU w/ adaptive
weights)

Joint hourly water &
electricity demand
prediction

R2 gain: +29.2%
(water), +48.5%
(elec.)

Leverages low-frequency (1-h)
smart meter logging within a
water-energy nexus
framework to outperform
single-input forecasting
models.

De Souza et al.
[52]

Wavelet Transform +
Non-Linear
Regression

Non-intrusive
low-flow rate
estimation
(16–488 L/h)

Quadratic/exponential
fit across
16–488 L/h

Correlates acoustic noise
signatures at pipe elbows with
flow rates using stethoscope
microphones to enable
non-intrusive monitoring.
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Table S2. Detailed performance breakdown for volumetric disaggregation, regression, and forecasting
models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Faiz and Daniel
[53]

Artificial Neural
Network (ANN) w/
WSN Integration

Residential water
demand prediction
& allocation
optimization

Robust prediction
across 3–8 occupant
households

Combines wireless flow
sensor networks with ANN
demand forecasting to
optimize multi-household
distribution and minimize
water loss.

Zhakiyev et al.
[54]

Decision Tree & RF
Regressors

Municipal water
demand forecasting
& resource
optimization

Validated predictive
capability across
multi-utility dataset

Applies DT and RF algorithms
to historical smart
water/electricity time series
for city-scale municipal water
demand forecasting.

Rubiños et al.
[55]

Unsupervised ML &
Dimensionality
Reduction (DBSCAN,
K-Means, UMAP,
t-SNE, PCA)

Residential user
characterization &
behavioral profile
clustering

DBSCAN
outperformed
K-Means; clear
UMAP/t-SNE
spaces

Applies unsupervised
clustering and dimensionality
reduction to daily smart meter
time series to segment utility
customers by consumption
behavior for demand
planning.

Rahim et al. [56] LSTM Neural
Network

Water consumption
event prediction &
timing anticipation

Avg. RMSE: 0.403
across 83
households

Predicts the timing and
magnitude of major water
end-use events (showers,
irrigation) to deliver
personalized real-time water
conservation
recommendations.

Supplementary Material S2.3: Detailed performance breakdown, segmentation tar-
gets, and evaluation metrics for all synthesized clustering, behavioral profiling, and con-
sumer segmentation models (n = 16).

Table S3. Detailed performance breakdown for clustering, behavioral profiling, and consumer
segmentation models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Bethke et al. [57] K-Means Household
consumption
pattern clustering

Davies-Bouldin
Index optimization

Identifies distinct diurnal
consumption profiles to
support targeted demand
management policies and
tariff structures.

Rahim et al. [58] Hierarchical
Clustering

Urban consumer
segmentation

Silhouette score
evaluation

Groups households by
seasonal demand variation
and usage intensity to
improve long-term utility
planning.

Niazmardi et al.
[59]

DBSCAN Anomaly-aware
behavioral pattern
clustering

Outlier isolation Detects non-conforming
consumption behaviors and
irregular diurnal profiles in
smart meter time series.

Bermejo-Martín
et al. [60]

K-Medoids Robust household
demand profiling

Medoid stability
across seasonal
shifts

Provides noise-resistant
customer profiling less
sensitive to extreme
consumption outliers.
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Table S3. Detailed performance breakdown for clustering, behavioral profiling, and consumer
segmentation models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Abu-Bakar et al.
[61]

Gaussian Mixture
Models (GMM)

Probabilistic usage
mode identification

Bayesian
Information
Criterion (BIC)
minimization

Models overlapping
consumption profiles
probabilistically to capture
soft transitions between user
types.

Yang et al. [62] Spectral Clustering Non-linear
consumption
pattern
segmentation

Graph Laplacian
eigen gap
optimization

Uncovers complex
non-convex diurnal usage
clusters in heterogeneous
urban smart meter datasets.

Rahim et al. [63] Fuzzy C-Means Soft membership
consumer profiling

Fuzzy partition
coefficient

Assigns fractional
membership degrees to
households displaying mixed
residential-commercial water
patterns.

Abu-Bakar et al.
[64]

Agglomerative
Clustering

Hierarchical
demand pattern
structuring

Cophenetic
correlation
coefficient

Builds hierarchical taxonomy
of residential consumption
habits to guide localized water
conservation programs.

Khan and
Stillwell [65]

Time Series K-Means
(DTW metric)

Shape-based
diurnal profile
grouping

DTW distance
minimization

Clusters daily load curves
based on shape alignment
rather than raw magnitude,
capturing phase-shifted
habits.

Arias-Garcia
et al. [66]

Latent Class Analysis
(LCA)

End-use behavioral
segmentation

Model fit indices
(AIC/BIC)

Identifies latent subgroups of
water consumers based on
discrete end-use event
frequencies and durations.

Lall et al. [67] Matrix Factorization /
Non-negative Matrix
Factorization (NMF)

Latent consumption
pattern extraction

Reconstruction
error

Decomposes aggregate hourly
water traces into additive
base-load and peak activity
components.

Naseri et al. [68] Functional Data
Analysis (FDA) &
Mixed-Effects RF

Indoor
consumption
pattern profiling &
driver analysis

Identified 3 city
clusters;
shower/toilet main
drivers

Applies FDA and
Mixed-Effects RF to 26, 441
smart meters across 39 US
cities to characterize indoor
consumption drivers.

Arsene et al. [69] Collaborative Filtering
(SVD Matrix
Factorization) &
Rule-Based Logic

Household
consumption
behavioral profiling
& personalized
demand
management

480, 000 samples
(60 s sampling);
> 6, 000 events
profiled via IQR
thresholds

Combines SVD collaborative
filtering with expert rules to
profile multi-outlet usage
patterns (cold_sink,
hot_sink, toilet) across
households and generate
targeted conservation
feedback.

Berlotti et al. [70] Multiple
Seasonal-Trend
Decomposition +
Bootstrap Time Series
K-Means

Water demand
pattern modeling &
consumption
clustering

Stable, validated
consumption
clusters; isolated
seasonal trends

Combines seasonal-trend
decomposition with bootstrap
time-series K-means to extract
seasonal consumption
patterns and cluster smart
meter data across distribution
networks.
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Table S3. Detailed performance breakdown for clustering, behavioral profiling, and consumer
segmentation models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Guo et al. [71] K-Means, Hierarchical
& Spectral Clustering

Daily consumption
pattern
identification &
factor analysis

Best SCI: 0.6315
(K-Means); 3
seasonal patterns
identified

Evaluates K-Means,
Hierarchical, and Spectral
Clustering on hourly
distribution flow data to
identify three daily
consumption patterns driven
primarily by seasonality rather
than weekdays/holidays.

Srinivasan et al.
[72]

Hybrid AI (ANN +
ETPB dynamic control
model)

Dynamic behavior
intervention
modeling & habit
forecasting

Outperformed static
baseline models

Combines ANN with
Extended Theory of Planned
Behavior (ETPB) via real-time
IoT monitoring to track
hygiene habits and guide user
interventions.

Supplementary Material S2.4: Complete study-by-study performance breakdown,
algorithmic targets, and operational insights for all evaluated anomaly detection, edge
computing, preprocessing, and benchmark dataset models (n = 28).

Table S4. Detailed performance breakdown for anomaly detection, edge computing, preprocessing,
and dataset benchmark models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Quinto et al. [73] Deep Autoencoder
(DAE) & Isolation
Forest

Pipe burst &
background leak
detection

Precision: 94.2%,
Recall: 91.8%

Deploys unsupervised DL on
pressure/flow time series to
detect anomalies and
micro-leaks without manual
threshold setting.

Attallah et al.
[74]

SWAN-NILM
Benchmark Dataset

High-resolution
sub-metered
benchmark dataset

Multi-house
sub-second flow
traces

Provides open-access
high-frequency multi-fixture
water consumption ground
truth data to benchmark
non-intrusive disaggregation
algorithms.

Di Mauro et al.
[75]

TinyML /
Lightweight CNN on
Microcontrollers

On-device edge
disaggregation &
event classification

Latency < 150ms,
F1-score: 88.5%

Deploys quantized neural
networks directly on smart
meter edge microcontrollers,
preserving user privacy and
eliminating cloud
transmission costs.

Pastor-Jabaloyes
et al. [76]

Conditional GAN
(CTGAN) Data
Augmentation

Synthetic flow trace
generation for rare
events

Wasserstein
distance
minimization

Synthesizes realistic water
consumption events to resolve
extreme class imbalance in
training ML classifiers for
infrequent fixtures.

Luciani et al.
[77]

Discrete Wavelet
Transform (DWT) +
Baseline Correction

Signal denoising &
transient
preprocessing

Signal-to-Noise
Ratio (SNR)
+12.4 dB

Removes high-frequency
measurement noise and
hydraulic baseline drift from
low-cost flow sensors prior to
event segmentation.
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Table S4. Detailed performance breakdown for anomaly detection, edge computing, preprocessing,
and dataset benchmark models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Oliveira-
Esquerre et al.
[78]

Trace Wizard
preprocessing
evaluation vs. ML
classifiers

Impact of
pre-segmentation
on end-use
classification
accuracy

Trace Wizard
distortion reduced
ML accuracy to
< 50%

Demonstrates that automated
Trace Wizard preprocessing
distorts event features in
high-variability low-income
household traces, severely
impairing ML accuracy.

Parveen et al.
[79]

ML & DL algorithms Water anomaly
detection &
overflow prediction

Real-time anomaly
detection & waste
reduction

Integrates smart meters with
ML/DL algorithms and a web
platform to detect real-time
water anomalies and predict
overflows.

Saganowski and
Andrysiak [80]

ML (Prediction
intervals & sliding
windows)

Network anomaly &
infrastructure
failure detection

Effective real-time
detection &
maintenance
alerting

Processes 1-minute smart
meter time series via sliding
windows and ML prediction
intervals to identify anomalies
and trigger alerts.

Jasiūnas et al.
[81]

LARCO Benchmark
Dataset / Multivariate
Sensor Curation

High-frequency
water & energy
appliance dataset

Open-access
benchmark (1 Hz
water/energy)

Introduces LARCO, an
open-access high-frequency
multivariate water/energy
dataset for washing machines
and dryers to benchmark
end-use disaggregation and
user behavior models.

Herrera-Santos
et al. [82]

Multisensor Edge AI
ML classification &
anomaly detection

Water consumption
point classification
& anomaly
detection

High accuracy &
feasibility for
real-time edge
processing

Develops an Edge AI IoT
system with multisensor
architecture and LoRa
communication for local
classification of consumption
points and real-time anomaly
detection.

del Pilar Villacís-
Guerrero et al.
[83]

Rule-based IoT Edge
Controller
(Microcontroller /
MQTT)

Real-time daily
consumption
tracking &
automated valve
control

Flow accuracy
matching
conventional meters

Deploys low-cost flow sensors
and solenoid valves with
MQTT protocol for real-time
web/LCD monitoring and
remote water supply shutoff.

Soh et al. [84] Rule-based IoT Edge /
LoRaWAN Platform

Real-time usage
tracking, GPS
mapping &
threshold alerting

Reliable cloud
logging &
automated
Telegram/SMS
alerts

Deploys LoRaWAN nodes w/
GPS and flow sensors via
MQTT to Ubidots cloud for
real-time dashboard
visualization and
threshold-based anomaly
alerts.

Ali and Salah
[85]

Adaptive
Thresholding &
Correlation Analysis
(ESP32 IoT)

Water-energy nexus
monitoring & peak
load smoothing

Reduced peak
correlated power
demand

Deploys ESP32
microcontrollers with
level/power sensors to
monitor water pumping and
decorrelate peak electrical
energy demand via adaptive
thresholding.

Carratù et al.
[86]

Deep Convolutional
Neural Network
(CNN) w/ Camera
Retrofit

Dial needle tracking
& micro-leak
detection on
mechanical meters

High sensitivity to
minimal needle
displacement

Applies optical CNN image
processing on frame
differences of analog meter
dial needles to detect
continuous low-flow leaks
without meter replacement.
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Table S4. Detailed performance breakdown for anomaly detection, edge computing, preprocessing,
and dataset benchmark models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Mohamed et al.
[87]

Gaussian Mixture
Models (GMM) w/
Clustering (K-
Means/Hierarchical)

Anomaly detection
&
out-of-distribution
leakage
classification

GMM Acc: 75%, F1:
74.64%, AUC: 0.75

Integrates GMM probabilistic
modeling on streaming IoT
meter data to detect leakage
events and trigger automated
cloud alerts.

Bharudin et al.
[88]

Rule-based IoT Edge
Controller (ESP32 /
MQTT / REST API)

Storage tank level
regulation & surface
leak detection

Validated real-time
cloud sync
(MQTT/MongoDB)

Combines ultrasonic and
moisture sensors with an
ESP32 microcontroller to
monitor tank storage, detect
surface leaks, and enable
automated valve control.

Amora et al. [89] Bidirectional LSTM
(BiLSTM) vs. GRU &
AR

Household water
leak detection &
anomaly forecasting

BiLSTM achieved
lowest MSE, RMSE,
MAPE, MAE

Evaluates deep recurrent
architectures (BiLSTM vs.
GRU and Autoregressive) on
flow rate time series to detect
household leaks from
consumption signatures.

Roslan et al. [90] Rule-based IoT Edge
Controller (ESP32 /
LoRa / Google Sheets)

Water consumption
tracking, bill
estimation & leak
monitoring

Validated across
3-month field
deployment

Integrates ESP32,
flow/temperature sensors,
and LoRa telemetry for
real-time cloud logging, cost
estimation, and home water
management.

Tsao et al. [91] Rule-based IoT Edge
Platform (MCU /
YF-S201 Flow Sensor)

Real-time
consumption
tracking & web
dashboard
monitoring

Field validated at
Xinhe Elementary
School

Combines Hall-effect flow
sensors with microcontroller
cloud telemetry for real-time
institutional and residential
water consumption
visualization.

Varghese et al.
[92]

Rule-based
Master-Slave IoT
Controller
(ESP32/ESP8266/Wi-
Fi)

Domestic usage
aggregation, leak
detection &
anomaly alerting

Validated
energy-efficient
master-slave polling

Implements a hierarchical
master-slave microcontroller
architecture with flow sensors
for real-time Wi-Fi cloud
streaming and automated leak
alerts.

Ahamed et al.
[93]

Rule-based IoT Edge
Gateway (LoRa /
Wi-Fi / ThingSpeak)

Multi-apartment
usage tracking &
real-time analytics

Validated
long-range
low-power
telemetry

Deploys unit-level flow
sensors with LoRa modules
and a Wi-Fi gateway to stream
real-time consumption data to
ThingSpeak cloud.

Cabrera et al.
[94]

Rule-based Edge
Analytics (ESP32 /
MQTT / Grafana
Cloud)

Real-time usage
tracking, anomaly
detection & leak
identification

Low-latency MQTT
streaming &
effective leak
detection

Combines YF-S201 flow
sensors and ESP32 with
MQTT transmission to
Grafana Cloud/SQLite for
low-latency visualization and
real-time domestic leak
detection.

Marathe et al.
[95]

Rule-based IoT
Controller (ESP8266 /
Wi-Fi / Blynk)

Housing society
tank management,
pump control &
TDS quality
monitoring

Automated pump
toggling & real-time
Blynk telemetry

Integrates ultrasonic and TDS
sensors with ESP8266 to
automate water tank pump
control and stream real-time
level/quality metrics to Blynk
UI.
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Table S4. Detailed performance breakdown for anomaly detection, edge computing, preprocessing,
and dataset benchmark models.

Study Main Model Output / Target Accuracy / Metric Remarks & Operational
Insights

Akash et al. [96] Rule-based
Thresholding &
Analytics (ESP32 /
Node.js / FCM)

Tank level tracking,
push alerts &
weekly usage
analytics

Validated
non-contact level
tracking & FCM
notifications

Combines ultrasonic sensors
and ESP32 with Node.js cloud
backend and Android app to
enable continuous non-contact
tank monitoring and
threshold alerts.

Boudhaouia and
Wira [97]

Rule-based MNF &
PWNC Time-Series
Analytics

Tertiary building
anomaly detection
& leak classification

Validated on real
tertiary building
smart meter data

Combines MNF and Period
Without Null Consumption
(PWNC) thresholding to
distinguish background
micro-leaks from large
load-curve burst anomalies.

Ali et al. [98] Rule-based Edge
Controller (Float
Switch /
Microcontroller)

Rooftop tank level
management,
automated pump
switching &
dry-run protection

Validated reliable
automated pump
toggling &
consumption
recording

Combines float switch sensors
with embedded hardware
logic to automate tank filling,
prevent pump dry running,
and log household water
consumption.

Torres-Gutierrez
et al. [99]

Rule-based IoT
Analytics &
Thresholding

Intermittent supply
tracking, volume
monitoring &
threshold alerting

Validated across
115-day field
deployment under
IWS

Deploys IoT level/flow
telemetry for real-time storage
and consumption tracking
under IWS, identifying an
initial 40-day Hawthorne
behavioral effect.

Ünsal et al. [100] Empirical Flow
Dynamics & Statistical
Event Analysis

Dynamic flow
profiling & meter
transient
characterization

Analyzed 3,200
events; rise/fall
times 100–300 ms
(> 5% dynamic
flow)

Evaluates sub-second
instantaneous flow traces to
characterize unsteady flow
transients and evaluate
real-world meter
measurement accuracy during
dynamic events.
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