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Abstract: Urban water infrastructure faces increasing deterioration,
necessitating accurate, cost-effective condition assessment.
Traditional inspection techniques are intrusive and inefficient,
creating a demand for scalable machine learning (ML) solutions.
This study develops a hybrid ML meta-model to predict
underground pipe conditions using a comprehensive dataset of
11,544 records. The objective is to enhance multi-class
classification performance while preserving interpretability. A
stacked hybrid architecture was employed, integrating CatBoost,
LightGBM, XGBoost, AdaBoost, TabNet, ANN, Logistic and Linear
Regression, and Random Forest models. Following data
preprocessing, feature engineering, and correlation analysis, the
meta-model achieved 96.6% accuracy, outperforming individual
models. Age emerged as the most influential feature, followed by
material type and pipe length. ROC-AUC scores exceeded 0.95
across classes, confirming high discriminative capability. This work
demonstrates the superiority of hybrid architectures for
infrastructure diagnostics. Future research should incorporate real-
time loT sensor data and advanced models such as Graph Neural
Networks or Transformers for dynamic, network-level condition
forecasting.
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1 INTRODUCTION

Urban underground pipe networks are fundamental to supporting the health, safety,
and economic vitality of cities [1], providing essential services such as water supply,
sewage management [2], and stormwater drainage. As the age and complexity of
these buried infrastructures [3] increase, so too do the challenges associated with
maintenance and timely rehabilitation. Asset managers frequently encounter
difficulties in assessing the actual condition of underground pipes due to the limited
accessibility and visibility inherent in these systems. Traditional assessment methods
[4] often involve intrusive, time-consuming, and costly physical inspections, which may
not adequately capture the nuanced interplay of factors influencing pipe deterioration.
This growing need for efficient, accurate, and scalable assessment strategies has
prompted researchers and practitioners to explore advanced data-driven approaches
for pipe condition [4] evaluation.

Recent advances in machine learning have opened new avenues for condition
assessment by leveraging the diverse and voluminous data generated from urban [5]
utility networks. By systematically incorporating variables such as pipe age, material,
diameter, length, soil properties, slope, and environmental indices, machine learning
enables the extraction of hidden patterns and relationships beyond human capability.
Conventional models [6], such as logistic regression [7] or decision trees , have
demonstrated promise in classifying pipe condition [8] states when trained on large-
scale datasets. However, the performance of any single model is often limited by
dataset complexity [9], nonlinearity of the underlying processes, and the presence of
noisy or missing data. To address these limitations, hybrid approaches [10] that
combine multiple machine learning algorithms [11] into meta-models have emerged as
powerful alternatives, offering robustness and improved generalizability.

Hybrid machine learning [10] meta-models integrate the strengths of individual learners
by employing both integration strategies and meta-learning techniques, making them
more advanced and efficient compared traditional ensemble approaches. This study
explores a novel meta-model architecture [12] for the classification of water pipe
conditions [13] an urban context. Diverse base models—such as Random Forest [14]
[15], LightGBM [16], CatBoost [17], TabNet, and Artificial Neural Networks [18], are
trained on a comprehensive data set featuring key attributes of urban pipes. Through
stacking and meta-learning, their collective predictions are synthesized to achieve
higher predictive accuracy and resilience to data imperfections. This approach
enhances the representation of complex interactions [19] among features, mitigates
the risks of overfitting, and provides interpretable insights to guide infrastructure [20]
management decisions. Model evaluation is conducted via multifaceted metrics [21],
including accuracy, precision, recall, and F1 score, supplemented by visualizations and
feature importance analyses [22].

Overall, this research demonstrates the feasibility and advantages of a hybrid machine
learning meta-model framework for the condition assessment of urban [23]
underground pipes [24]. By incorporating heterogeneous algorithms [25] and focusing
on both prediction quality and interpretability, the study addresses critical gaps in
current assessment methodologies. The proposed approach fosters more reliable
decision-making for urban asset management, potentially reducing maintenance
costs, optimizing rehabilitation timing, and ultimately advancing the resilience of urban
infrastructure systems. The findings highlight a scalable, data-driven path for
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municipalities and utility providers to modernize their assessment protocols and
improve service continuity in rapidly evolving urban environments. The basic structure
of this paper is as follows. Section 2 presents Related Works on machine learning
approaches for infrastructure condition assessment; Section 3 introduces the main
Methodology including the hybrid meta-model framework and evaluation metrics;
Section 4 exhibits the experimental results from the stacking architecture and individual
model comparisons; Section 5 discusses the results including feature importance
analysis and model performance evaluation; and Section 6 concludes this paper and
provides future research suggestions.

2 RELATED WORKS

Recent advancements in urban underground pipe condition assessment [26] research
reveal a shift from traditional inspection techniques toward the integration of machine
learning and data-driven strategies [27]. This evolution is propelled by the need to
overcome the limitations of manual and technology-driven approaches, aiming for
scalable solutions that ensure more accurate pipeline health monitoring [28]. To
provide a comprehensive background, the following paragraphs critically compare
pairs of significant studies, focusing on their methodologies, datasets, and results, and
effectively illustrate the progression in this research domain.

To begin, the work of Zheng Liu and Yehuda Kleiner (2013) can be contrasted with the
empirical modeling approach of Mosavi et al. (2020). Whereas Liu and Kleiner provided
a qualitative evaluation of direct and indirect technologies—such as CCTV, ultrasound,
and smart robotics—their review highlighted capability (e.g., SmartBall detecting leaks
<0.026 L/h, LeakFinderRT location <10 cm) but did not employ a quantitative dataset
[29]. In contrast, Mosavi et al. applied Recursive Feature Elimination and ensemble
machine learning (Random Forest, AdaBoost, GamBoost, Bagged CART) to a dataset
of 339 groundwater locations and 15 variables. The Random Forest achieved an
accuracy of 0.86 and recall of 0.91, outperforming boosting models. Thus, this
comparison demonstrates how transitioning from reviews of technical tools to
integrated data-driven frameworks can yield higher predictive accuracy and actionable
outcomes [30].

Similarly, a notable comparison can be drawn between Rakiba Rayhana et al. (2021)
and Mohsen Mohammadagha et al. (2025), reflecting the progress from system-wide
vision technology reviews to targeted machine learning implementations. While
Rayhana et al. synthesized findings from datasets of 100 to over 2 million CCTV and
SSET pipe images—demonstrating deep learning models such as DCNN and Faster
R-CNN achieving defect detection accuracies up to 98% [31]—Mohammadagha et al.
systematically modeled 612 cases of reinforced concrete sewer pipe inspections using
both Artificial Neural Networks (ANN) and Multiple Linear Regression (MLR). The ANN
model yielded R? = 0.9066, outperforming MLR [32]. Both studies endorse data-
intensive approaches but differ in scale, with Rayhana et al. emphasizing automated
vision at a network level and Mohammadagha et al. focusing on feature-driven pipeline
condition forecasting at the asset level.

Furthermore, when considering the broad landscape of pipeline monitoring, the
reviews by Jawwad Latif et al. (2022) and by Liu & Kleiner (2013) illuminate the
evolution of sensor integration and methodological sophistication. On the one hand,
Latif et al. categorized monitoring into acoustic, electromagnetic, visual, and loT-
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enabled methods, discussing visual classifiers like YOLOv3 and acoustic detections
(SmartBall <0.1 gal/hr) while emphasizing the need for robust, cost-effective, and real-
time machine learning integration [33]. On the other hand, Liu & Kleiner mainly
addressed the capabilities and cost limitations of traditional and semi-automated
systems. This comparison highlights a shift from static technology evaluation to the
advocacy for dynamic, adaptable, and intelligent monitoring platforms [29].

Equally important, the studies of Thikra Dawood et al. (2020) and Rakiba Rayhana et
al. (2021) exemplify the harmonization of artificial intelligence theory with practical
image-based inspection. Dawood et al. reviewed 66 studies across seven Al model
categories, reporting that ANN models can reach R? of up to 0.9510 for failure
prediction, though their findings relied on synthesizing published results rather than a
singular dataset [34]. Conversely, Rayhana et al. demonstrated that vision-based deep
learning (e.g., Faster R-CNN) achieved up to 98% accuracy in defect detection across
enormous and diverse image collections [31]. Both works underscore the value of
hybrid and data-driven frameworks, yet Dawood et al. foreground the potential of
hybrid modeling logic, while Rayhana et al. stress the strengths of advanced computer
vision in real-world application.

Ultimately, while previous studies have advanced pipe condition assessment [35] with
machine learning, Hybrid models [36], and meta-analysis, existing research has not
systematically evaluated nor benchmarked a comprehensive hybrid meta-model that
integrates the latest tree-based mixture [37] methods (CatBoost [38], XGBoost [39],
LightGBM [40]), deep learning (TabNet, ANN), and logistic/meta-learning for multi-
class urban pipe condition prediction using real, multifaceted operational datasets [41].
In this research, this research address these gaps by designing and implementing a
unified hybrid meta-learning framework, comparing algorithmic performance and
feature importance, and providing interpretable model diagnostics using a large-scale,
diverse urban pipe dataset.

3 METHODOLOGY

The methodology for this research is structured around a hybrid machine learning
meta-model, designed for interpretable condition assessment of urban underground
water pipes. The urban water pipe dataset comprises 11,544 records sourced from
New Zealand's municipal infrastructure systems, with 3,297 records from the South
Island and 8,247 records from the North Island, reflecting the comprehensive coverage
of both the Waimakariri District Council (2022) [25] and Matamata-Piako District
Council (2024) [26] networks [27]. While the original dataset contained more
environmental and operational parameters, this study strategically selected seven core
parameters that are most commonly available and represent the primary factors
influencing pipe deterioration. Building on the Figure 1 workflow diagram, the process
begins with extensive data acquisition, collecting features such as age, material,
length, diameter, slope, soil properties, and thaw index from operational pipe
inventories. Exploratory Data Analysis (EDA) then identifies outliers and distribution
patterns, followed by data cleaning to address missing values and eliminate errors.
Feature selection and scaling are performed to normalize variable influence, with
categorical condition labels encoded for supervised learning. Correlation analysis and
multidimensional visualizations guide further feature engineering, while summary plots
(histograms, bar charts) illustrate the dominance of certain materials (e.g., Medium
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Density Polyethylene, Unplasticized Polyvinyl Chloride) and the relationship between
age, diameter, length, and deterioration, setting a transparent foundation for modeling.

Problem Definition
Define the objective: Condition Assessment of Water Pipes

T — Data Acquisition S
Collect raw water condition data (e.g., age, material, length, diameter, soil, slope, thaw index).
- l . -

o Y
Exploratory Data Analysis (EDA) Data Cleaning
Analyze distributions, visualize features, identify outliers. Handle missing values, remove duplicates, & correct errors.

A
/ Feature Selection
'\ Select relevant features for modeling (e.g., Age, Materials, Length, Diameter).

z’ Data Splitting: Split data into training and test sets

* Feature Scaling: Apply standardization to the features

¢ Correlation Analysis: Plot and analyze feature correlations.

-
unsatisfactory

3D Feature Visualization
Visualize feature interactions in 3Q
Bl o <
n CatBoost

TabNet:

If model performance is

<0

Analyze feature
importances for each
model

Classification

Meta-Model Design
(Stacking)

Model Trainin .S
9 Evaluate Each Model A .
Accuracy > Artificial Neural Network

Q
(Individual Models) @-°

Meta-Learning Training LightGBM

Train the stacking meta learner
an/ths trajning, data TabNet Integration
N

Adaboost

Y

Meta-Learning Evaluation

Integrate TabNet as an additional base
Performance on test data.

model in the Meta-Learning

Linear Regression

Deployment & Reporting

Figure 1. Workflow for Underground Condition Assessment Using meta-learning approaches

A comprehensive suite of visual and statistical analyses is used to profile the dataset
and guide model development. Feature correlation matrix heatmaps in Figure 2 reveal
associations (e.g., slope-soil, r=0.69) and identify negative dependencies (slope-thaw
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index, r=-0.55), while 3D condition plots and kernel density estimations demonstrate
how younger pipes are more likely to have better condition ratings. Material frequency
bar charts, pair plots, and boxplots disaggregate key features—such as age, diameter,
and length—across condition classes, highlighting that aging, as well as certain
material types, are primary predictors of asset deterioration. These insights ensure that
feature importance interpretation is both data-driven and aligned with real-world
engineering knowledge, enhancing model transparency and domain relevance.
Advanced visualizations, such as 3D health plots and pairwise feature analysis,
underpin the data exploration stage and justify variable selection for the modeling
pipeline.

3D Condition Plot
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Figure 2. Feature Correlation Matrix and 3D condition Plot

Building upon these mathematical foundations, the combined visualization of age
distribution and material frequency, Error! Reference source not found. provides c
omprehensive dataset insights. The age histogram reveals a pronounced skew toward
newer infrastructure, with most pipes under 50 years old and sharp frequency decline
for older assets. Simultaneously, bar chart displays the frequency of urban water pipe
materials used in the dataset. Medium Density Polyethylene (MDPE) dominates,
followed by Unplasticized Polyvinyl Chloride (UPVC) and Polyvinyl Chloride (PVC).

Age Distribution Count of Material Types

1200

Frequency
5 8 g8 &

B
8
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Material
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Figure 3. Urban water pipes: age-skewed asset with MDPE the most common

Others include Medium Density Polyethylene 80 (MDPES80), Asbestos Cement (AC),
Medium Density Polyethylene 100 (MDPE100), High Density Polyethylene (HDPE),
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Galvanized Iron (Gl), Copper (CU), Modified Polyvinyl Chloride (MPVC), Cast Iron (Cl),
Steel (ST), Steel Clad (STCL), Polyethylene (PE), Ductile Iron (DI), Stainless Steel
(SS), Galvanized Steel (GS), and Oriented Polyvinyl Chloride (OPVC). MDPE pipes
are by far the most common, followed by Unplasticized Polyvinyl Chloride (UPVC) and
standard Polyvinyl Chloride (PVC), reflecting modern urban infrastructure trends and
material evolution patterns.

Advancing from material composition analysis, the kernel density estimation in Figure
4 reveals critical age-condition relationships that validate deterioration patterns.
Condition 1 pipes exhibit sharp density peaks at younger ages (below 20 years), while
Conditions 2 and 3 demonstrate broader distributions centered around 40-60 years.
Most significantly, Conditions 4 and 5 show pronounced density concentrations beyond
60 years, establishing age as the primary deterioration predictor and confirming time-
dependent infrastructure degradation patterns essential for predictive modeling.

Distribution of Age by Condition

1

ndition
ndition
ndition
ndition
ondition

00000
-ER-E-I-]
AN WA

0 20 40 60 80 100 120

Age

Figure 4. Age distribution reveals deterioration pattern of water pipes

The comprehensive pairplot in Figure 5 shows the matrix extends individual feature
analysis by visualizing multivariate relationships across all seven input variables,
colored by condition class. This analysis reveals distinct clustering patterns and
separation boundaries between condition categories, particularly highlighting how
combinations of diameter, age, material type, and length create identifiable condition
signatures. The diagonal density plots and scatter plot matrices demonstrate clear
feature interactions that justify the multi-model approach, showing complex non-linear
relationships requiring sophisticated algorithmic treatment.
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Figure 5. Clusters of pipe condition classes by age, material, diameter and length

Finally, the boxplot analysis in Figure 6, quantifies distributional differences across condition
classes for each feature, providing statistical validation of predictive variable importance. Age
exhibits the most dramatic progression from young pipes in Condition 1 to significantly older
assets in Condition 5, while diameter and length show notable variability within condition
categories. Material, soil, thaw index, and slope demonstrate varying degrees of separation,
with age emerging as the most discriminative feature, directly supporting the feature
importance rankings obtained from the machine learning models.
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A crucial component of this methodology is the use of mathematical formulas and
evaluation metrics in the background of the models, ensuring best-practice model
comparison and interpretability by calculating the accuracy, Precision, Recall, and F1
score. Seven common formulas drive the assessment: (1) Min-Max Normalization for
feature scaling [42]; (2) Accuracy for overall performance; (3) Precision and (4) Recall
(Sensitivity) for quantifying the correctness and completeness of class predictions; (5)
F1 Score to balance precision and recall, especially under class imbalance; (6) Feature
Importance, typically the mean decrease in impurity in tree-based models, to prioritize
influential variables; and (7) Stacking Prediction [43], which mathematically combines
the predictions of diverse base models via a meta-learner for improved overall
robustness. This methodology by using of well-established mathematical formulas [44]
and evaluation metrics that underpin the modeling and assessment processes. Some
common formulas central to this study include Min-Max Normalization for Purpose
Scales, a feature (variable) to a range between 0 and 1. This ensures all features
contribute equally to the model and prevents features with larger ranges from
dominating, which is shown in equation 1 [45]:

< = X = Xmin (1)

Xmax — Xmin

Accuracy is a fundamental metric for evaluating classification models, representing
the proportion of correctly predicted instances among all predictions. Calculated as
shown in equation 2, it provides a straightforward measure of overall model
performance, especially when the dataset is balanced between classes [28].

TP + TN
TP + TN + FP + FN

()

Accuracy =

Precision quantifies the correctness of positive predictions made by a model. Defined
as shown in equation 3, it measures the proportion of true positives among all
instances predicted as positive. High precision indicates that the model makes very
few false positive errors, which is vital in many applications [46].

TP
TP + FP

(3)

Precision =

Recall, also known as sensitivity, assesses a model’s ability to identify all relevant
positive cases. The formula as shown in equation 4, calculates the proportion of actual
positives correctly predicted. High recall is essential when missing positive instances
has significant consequences, such as in medical diagnoses or fraud detection.

Recall = P (4)
A = TP+ FN

The F1 score is the harmonic mean of precision and recall, providing a balanced metric
for model evaluation, particularly with imbalanced datasets. Calculated as shown in
equation 5, it penalizes extreme values and offers a single, interpretable measure of
model effectiveness.
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Fl1—2 Precision X Recall )
=2X
Precision + Recall

Feature importance [47] quantifies the contribution of each input variable to a model’s
predictive power. In tree-based models, it is often computed as the mean decrease in
impurity as shown in equation 6, when a feature is used for splitting. This metric aids
in model interpretation, enabling practitioners to identify and prioritize influential
variables in decision-making.

N
Feature Importance; = 2 ﬁt AL (6)
teSplits on j

Where t is indexes the tree nodes where feature j is used for splitting. Nt is the number
of samples reaching node t . N is the total number of samples. Al is the decrease in
impurity (such as Gini impurity or entropy) caused by the split at node t. Stacking
prediction combines multiple base models’ outputs using a meta-learner to improve
predictive accuracy and robustness. The final prediction is expressed as shown in
equation 7. This approach leverages the strengths of diverse models, often
outperforming individual learners in complex tasks.

9 = fneta(f: X, £,(X), ..., (X)) (7)

By applicable of all the above formula in the model, the pipeline deploys and
benchmarks Random Forest, LightGBM, CatBoost, AdaBoost, XGBoost, TabNet,
Logistic Regression, Linear Regression, and Artificial Neural Network (ANN) models—
each trained on stratified training/test splits, and their performance compared using
accuracy, precision, recall, and F1. Individual feature importances are computed for
transparent, actionable interpretation; stacking meta-models aggregate these
predictions to further elevate performance, achieving a stacking accuracy of ~0.966—
superior to any single method. The integration of TabNet represents methodological
novelty, allowing enhanced representation learning directly from tabular infrastructure
data.

In summary, this research advances the condition assessment of urban pipes by
integrating a diverse stack of machine learning models—uniquely combining tree-
based, neural, and attention-driven deep tabular learning approaches within a rigorous
meta-learning framework. Some prior literature that focused on classic or singly-
ensembled models, our workflow consistently benchmarks combined Meta-Learning
models, which find better operational water pipe data, revealing domain-driven feature
patterns and reporting interpretable decision rules. The principal novelty lies in the
introduction of TabNet within the meta-model learning, directly addressing prior gaps
in feature interaction learning and transparency. This architecture delivers state-of-the-
art prediction and interpretability, enabling urban utilities and asset managers to
implement data-driven, generalizable, and actionable assessments for maintenance
prioritization and long-term infrastructure resilience

4 RESULTS

The hybrid machine learning meta-model developed for urban underground pipe
condition assessment was rigorously evaluated using a comprehensive dataset of
11,544 water pipe records. The dataset encompasses seven key features: diameter,
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material, age, length, thaw index, soil properties, and slope, with condition ratings
ranging from 1 (excellent) to 5 (poor). This section presents the detailed analysis
results, including feature correlations, distribution patterns, model performance
comparisons, and the effectiveness of the proposed stacking meta-model architecture.
The results demonstrate the superiority of hybrid methods over individual algorithms
and provide insights into the most influential factors affecting pipe deterioration.

Figure 7 presents a comprehensive analysis dashboard displaying the performance
and characteristics of a Stacking Model developed for urban water pipe condition
assessment. This machine learning framework represents a meta-learning approach
that combines multiple base algorithms to achieve superior predictive accuracy. In the
Performance Metrics Overview, the stacking model demonstrates exceptional results
across all key indicators, achieving 96.6% accuracy, 96.3% precision, 96.6% recall,
and a 96.3% F1-score. These metrics, displayed in the colorful bar chart, indicate that
the meta-model approach significantly outperforms individual models. The 1-Loss
metric (shown in purple) represents the error rate, confirming the model's robust
performance with minimal prediction errors. This level of accuracy is particularly
impressive given the complexity of multi-class pipe condition classification, where
conditions range from 1 (excellent) to 5 (poor). The confusion matrix reveals the
model's classification accuracy across different condition categories. The diagonal
pattern shows strong true positive predictions, with 1,985 correct predictions for
Condition 1 and 76 correct predictions for Condition 5. The matrix demonstrates
minimal misclassification errors, which is particularly notable in the clear distinction
between excellent (Condition 1) and poor (Condition 5) pipe conditions. The color
intensity gradient from blue to red effectively visualizes prediction density, with darker
blue regions indicating higher prediction accuracy. The Age-Based Deterioration
Patterns, illustrated by a percentage distribution chart, explore the relationship
between pipe age and condition ratings over time. The area plot reveals that newer
pipes (0-15 years) predominantly remain in Condition 1, while pipes aged 40-65 years
exhibit increased deterioration patterns with higher percentages falling into Conditions
3, 4, and 5. This visualization supports the age-dependent deterioration hypothesis,
which is central to infrastructure management, where material degradation notably
accelerates after the 40-year threshold.

In Neural Network Training Dynamics, the ANN accuracy plot demonstrates the
training convergence pattern over 50 epochs, with both training and validation
accuracy curves stabilizing at around 95%. This convergence without significant
overfitting indicates strong model generalization capability, which is essential for real-
world deployment in urban infrastructure assessment. In the Decision Boundary
Visualization, the bottom panel displays PCA-reduced 2D decision boundaries for four
algorithms: LightGBM, Random Forest, AdaBoost, and Decision Tree. These
visualizations illustrate how each algorithm approaches the classification task
differently, showcasing unique boundary patterns and cluster separations. The colored
regions represent different condition classes, while the scattered points reflect the
actual data distribution in the reduced feature space. The Meta-Learning Architecture
utilizes a stacking approach that integrates predictions from Random Forest,
LightGBM, CatBoost, and Logistic Regression as base learners, with a final meta-
learner synthesizing their outputs. This meta-model methodology addresses the
limitations of individual models while leveraging their collective strengths, leading to
improved robustness and enhanced accuracy in urban pipe condition assessment.
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Figure 7. Pipe Cndition Classification, ANN Accuracy and Confusion Matrix in Stacking Meta-Model

Figure 8 presents feature importance plots for four machine learning models—TabNet,
CatBoost, XGBoost, and AdaBoost—applied to the assessment of urban water pipe
conditions. Each plot highlights which input features most strongly influence the
model’s predictions, revealing significant variation across algorithms: TabNet identifies
“‘Age,” “Diameter,” and “Slope” as the dominant predictors, with “Age” standing out as
most influential. CatBoost emphasizes “Age” heavily, followed by “Diameter,” “Length,”
and “Material”—showing a notable drop in importance for soil, slope, and thaw index.
XGBoost also puts “Age” and “Diameter” at the top but assigns relatively higher
importance to “Material,” while “Length” is least impactful.

AdaBoost differs by ranking “Length” as the most important feature, then “Age,” shifting
traditional expectations. These divergences arise because each model processes
variable interactions and handles categorical, imbalanced, or noisy data differently. For
instance, neural models like TabNet learn deep feature representations, potentially
prioritizing statistical patterns distinct from boosting methods. Tree-meta models
(CatBoost, XGBoost) are sensitive to how features are split at each decision node and
can inflate importance for variables that best reduce impurity on particular data
samples. Algorithm sensitivity plays a key role: tree-based models might prioritize
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features that split the data early or frequently in the meta trees, while TabNet’s
sequential attention can focus on combinations not as apparent in trees. Additionally,
feature correlations influence rankings—if two features are correlated, one model may
split importance between them, while another may favor just one. The way each model
handles data—such as dealing with missing values, feature scaling, or encoding—also
affects how certain variables appear more or less important, especially for categorical
inputs like “Material.” Moreover, differences in dataset characteristics and research
goals further shape feature importance outcomes.

Urban utility networks can vary significantly in terms of construction era, pipe materials,
maintenance records, and documentation practices, which introduces variability in
available features and their predictive power across different studies. Studies may also
differ in core tasks, such as binary failure prediction versus multi-class condition rating,
which naturally shifts the relative weight of influential variables. Furthermore, the
choice of machine learning model itself influences the findings: some models are
designed for maximum predictive performance, while others prioritize simplicity or
interpretability, making the importance of specific features context-dependent. In
summary, differences in feature importance reflect a dynamic interplay of data
characteristics, model architecture, and research objectives. This variation explains
why no universal ranking of features exists across predictive studies of water pipe
condition and underscores the value of meta, hybrid, and meta-learning strategies—
as explored in the attached research—for generating more robust, generalizable
insights.
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Figure 8. Meta-Model Feature Importance Varies Across Approaches in Pipe Condition Assessment

The performance analysis of various machine learning models for urban water pipe condition
assessment, as illustrated in Figure 9 through receiver operating characteristic (ROC) curves,
paints a nuanced picture. hybrid algorithms—particularly stacking, CatBoost, LightGBM, and
XGBoost—consistently achieve high overall accuracy and AUC values, frequently surpassing
0.96 for both macro and micro averages. These models demonstrate strong discriminative
capabilities across all pipe condition categories. Their strength lies in combining predictions
from diverse base models, which enables them to capture complex variable interactions and
nonlinear relationships that simpler models, such as logistic regression and AdaBoost, often
miss. Visualizations confirm that advanced models like stacking, CatBoost, XGBoost, TabNet,
and artificial neural networks (ANNs) produce ROC curves that closely hug the top-left corner,
indicating high true positive rates with low false positive rates.
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Despite a strong overall performance, a closer inspection at the class level reveals significant
disparities in predictive accuracy. Class 1 (best condition) and Class 5 (worst condition) are
classified with almost perfect precision, achieving AUC scores between 0.96 and 1.00—a
reflection seen in their close alignment with the ideal ROC diagonal. In contrast, the
intermediate categories—especially Class 2 and Class 3—pose greater challenges. For
instance, AdaBoost registers notably poor results for these classes, with AUCs as low as 0.28
and 0.41. Even top-performing meta models can experience a decline in AUC for these middle
conditions, underscoring a broader issue in multiclass classification. These inconsistencies are
largely attributed to class imbalance and overlapping feature distributions, which hinder model
differentiation between moderately degraded pipe conditions. Additionally, real-world data
uncertainty, including measurement variability and observational ambiguity, further
complicates accurate classification for these intermediate states.

Model architecture plays a critical role in managing such complexity. Tree-based meta-learners
and deep learning models like TabNet and ANN can uncover nuanced, high-dimensional
patterns, thereby improving classification accuracy for the more ambiguous classes. The
stacking meta-model, in particular, excels due to its hybrid-based design that aggregates
outputs from multiple learners, mitigating individual model weaknesses and offering a form of
model-level error correction. Nonetheless, even the most advanced models are not immune to
data-related limitations. The presence of feature overlap and class imbalance ensures that
some degree of class-level divergence will persist. Therefore, while overall metrics like macro
AUC provide a reassuring snapshot of model performance, they can mask deficiencies at the
class level. These findings emphasize the value of meta-learning and mixture models in
advancing reliable, multiclass ROC performance—so long as practitioners remain focused on
evaluating and improving classification outcomes for the more challenging categories during
real-world deployment.

ROC Curves for AdaBoost ROC Curves for CatBoost R ROC Curves for TabNet

True Positive Rate

ROC Curves for Logistic Regression ) ROQCuwes lorﬁ\lﬁ _

True Positive Rate

False Positive Rate .
False Positive Rate

Figure 9. Stacking Meta-Model Delivers Superior ROC, Class Performance Varies Significantly
A comprehensive evaluation of predictive model performance for urban water pipe

condition assessment demonstrates the potential of hybrid meta-learning strategies in
complex real-world environments. As visualized in Figure 10, the bar plot identifies how
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different base learners contribute to the final decision-making process within a stacking
meta-model, while the accompanying metric summary highlights the relative success
of each major model tested. In the contribution chart, the Random Forest model
exhibits the greatest influence on the stacking hybrid (tallest bar, blue), followed by
Logistic Regression (green) and LightGBM (red). These contributions are quantified
based on the absolute magnitude of the logistic regression coefficients used in the
meta-learner, summing across all five multiclass targets. This aggregation reflects the
extent to which the final model relies on each base learner's output, showing Random
Forest as the most statistically influential component of the hybrid.

Beneath this bar plot, the summary performance table underscores the advantage of
complex and hybrid models over simpler baselines. With a dataset consisting of 11,544
labeled pipe segments and seven engineered features (Diameter, Material, Age,
Length, Thaw Index, Soil, Slope), models like CatBoost, XGBoost, and the stacking
meta-learner all achieved high performance across accuracy, recall, and F1-score
metrics—often near or above 0.96. For instance, CatBoost achieved an accuracy of
0.9658 and an F1-score of 0.9625, while the stacking meta-model slightly
outperformed with 0.9658 and 0.9629, respectively. TabNet and neural networks
(ANNSs) also maintained strong results, with TabNet at 0.9476 accuracy and ANN at
0.9532. In sharp contrast, simpler models like Logistic Regression (Accuracy = 0.8965,
F1 =0.8691) and AdaBoost (Accuracy = 0.7653, F1 = 0.8159) performed considerably
worse, illustrating the difficulty of modeling non-linear, imbalanced, and multi-class
datasets with shallow learners. These differences largely arise from the inability of
simpler models to capture complex interactions between features such as material
composition, geometry, and environmental factors.

The stacking framework effectively mitigates the shortcomings of individual learners
by leveraging their complementary strengths—tree-based models capture non-linear
patterns, boosting methods resist overfitting, and linear models provide interpretability
and generalization. Notably, the prominent influence of the Random Forest model
within the stacking component correlates with its standalone classification success and
frequent application in hybrid learning literature, underscoring its compatibility with this
dataset. While not explicitly shown in Figure 10, broader analytical results repeatedly
identify 'Age' as the most predictive feature, aligned with known deterioration trends in
civil infrastructure. Additional features such as diameter, material, and length also
contribute substantially to model decisions, reflecting domain-specific reliability
indicators. These findings align well with previous studies: while traditional or stand-
alone models can reveal broad performance trends, only hybrid aggregate and meta-
learning-based approaches simultaneously deliver strong accuracy, resilience to class
overlap, and meaningful interpretability. In this context, Figure 10 encapsulates the
critical balance between model complexity, diversity, and practical application,
highlighting the value of Random Forest and mixture meta-learning systems as
powerful tools for transforming sensor, material, and operational data into actionable
urban infrastructure insights
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Figure 10. Meta-Learner Model Results

The results demonstrate that the proposed hybrid machine learning meta-model
represents a significant advancement in urban underground pipe condition
assessment. The stacking-based hybrid architecture achieves superior performance
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(96.6% accuracy) compared to individual algorithms by effectively integrating the
strengths of tree-based methods (CatBoost, XGBoost, LightGBM), deep learning
approaches (TabNet, ANN), and traditional statistical models. The Random Forest
feature importance analysis reveals age as the dominant predictor, followed by
material, length, and diameter. While other factors contribute smaller. Feature
correlation and distribution [48] studies further validate the multi-dimensional nature of
pipe degradation and reinforce the need for sophisticated machine learning
approaches. The model's performance across all condition classes—confirmed
through detailed confusion matrices and ROC curve analyses [49]—highlights its
practical applicability for data-driven infrastructure management. These findings form
a foundation for implementing intelligent maintenance strategies and optimizing
resource allocation. The successful fusion of diverse machine learning [50] paradigms
within the meta-model architecture marks a methodological contribution to the field. By
combining complementary strengths from different algorithmic families, this mixture-
based approach delivers both accuracy and interpretability—critical qualities for real-
world deployment in urban infrastructure systems. Beyond water pipe assessment, this
hybrid framework demonstrates strong potential for adaptation to other infrastructure
evaluation challenges, reinforcing its value as a versatile and scalable data-driven
decision-support tool.

5 DISCUSSION

This study evaluated that the proposed hybrid machine learning meta-model
architecture achieves superior performance compared to individual algorithms and
aligns with the progressive evolution observed in recent urban pipe assessment
research. The stacking meta-model's accuracy of 96.6% significantly surpasses the
performance reported in comparable studies, such as Mohammadagha et al. (2025),
who achieved R? = 0.9066 with ANN models on reinforced concrete sewer pipes [32],
and Mosavi et al. (2020) whose Random Forest model reached 86% accuracy for
groundwater potential prediction [30]. This performance enhancement validates the
effectiveness of integrating diverse algorithmic paradigms—tree-based methods
(CatBoost, XGBoost, LightGBM), deep learning approaches (TabNet, ANN), and
traditional statistical models—within a unified meta-learning framework. The consistent
feature importance rankings across multiple algorithms, with age emerging as the
dominant predictor (importance ~0.4), material type (~0.15), and environmental factors
contributing secondary but meaningful influences, corroborate findings from Dawood
et al. (2020) who reported similar hierarchical importance patterns in their
comprehensive Al review [34]. However, unlike previous studies that focused on single
algorithmic approaches or limited collective methods, this research demonstrates that
systematic meta-model integration can overcome individual model limitations while
maintaining interpretability. The ROC curve analyses reveal macro-averaged AUC
values exceeding 0.95 for all condition classes, indicating robust discriminative
capability across the multi-class classification task. Compared to the vision-based
approaches reviewed by Rayhana et al. (2021), which achieved up to 98% accuracy
but required massive image datasets (up to 2 million images) [31], the proposed
framework achieves comparable performance using structured operational data with
significantly reduced computational requirements.
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6 CONCLUSION

This research successfully demonstrates the development and implementation of a
hybrid machine learning meta-model framework for urban underground pipe condition
assessment, achieving state-of-the-art predictive performance while addressing critical
gaps in current assessment methodologies. The comprehensive analysis of 11,544
water pipe records reveals that the proposed stacking architecture, integrating
Random Forest, LightGBM, CatBoost, TabNet, and Artificial Neural Networks through
meta-learning, consistently outperforms individual algorithms with an accuracy of
96.6%, precision of 96.4%, and F1-score of 96.3%. The study establishes age as the
primary deterioration predictor, followed by material type, length, and diameter,
providing actionable insights for infrastructure management prioritization. The robust
feature correlation analysis and multi-dimensional visualizations offer unprecedented
transparency in understanding pipe deterioration patterns, enabling data-driven
maintenance strategies. The integration of TabNet within the meta-model composite
represents a methodological advancement, allowing enhanced feature interaction
learning directly from tabular infrastructure data while maintaining interpretability
through comprehensive feature importance analyses. The consistent performance
across all condition classes, validated through confusion matrices and ROC curves
with macro-averaged AUC values exceeding 0.95, demonstrates the framework's
practical applicability.

7 RECOMMENDATION

Future research should explore the temporal dynamics of pipe deterioration by
incorporating longitudinal data collection protocols, enabling the development of
dynamic condition prediction models that account for different variations and long-term
degradation trends. The successful integration of TabNet suggests opportunities for
investigating other advanced machine learning architectures, including Transformer-
based models, Vision Transformers (ViTs) [51], Graph Neural Networks (GNNs) [52],
Deep Reinforcement Learning agents, Variational Autoencoders (VAEs) [53],
Generative Adversarial Networks (GANs) [54], Bayesian Neural Networks, Multi-task
Learning frameworks, Attention Mechanisms, Capsule Networks, Neural Architecture
Search (NAS) [55], Federated Learning approaches, and Quantum Machine Learning
[56] algorithms. Research institutions should develop real-time condition monitoring
systems that integrate 10T sensors with the proposed meta-model framework.
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