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Abstract— Transportation infrastructure significantly influ-
ences the development of sustainable transportation systems
and the effective management of road networks. Accurate
segmentation of road infrastructure provides valuable data
and a structured approach for the effective management of
road deterioration. However, existing methods are limited in
segmenting road deterioration data due to the lack of proba-
bilistic assessment and the inability to effectively handle outliers.
To address this gap, the Gaussian mixture segmentation (GMS)
model is introduced, applying a Gaussian mixture distribution
to model the variability in road deterioration. Our approach
utilizes spatial line segmentation to effectively segment large-scale
road networks into meaningful segments. The GMS model was
applied to road deterioration data from the South West region
of Western Australia, identifying and segmenting roads based
on their distribution characteristics using the Jensen-Shannon
(JS) divergence. To assess the performance of the GMS model,
metrics such as the number of segments, coefficient of variation
(CV), Caliński-Harabasz Index, and Davies-Bouldin Index were
evaluated. The results demonstrate that the GMS model out-
performed existing segmentation methods, achieving an increase
in the average percentage of segments with a CV lower than
0.25 by 23.5% to 98.8%, along with a reduction in the average
Davies-Bouldin Index by 25.2% to 64.4% and improvements in
the average Caliński-Harabasz Index, which increased by 23.0%
to 131.1%. This approach enhances the understanding of the
spatial distribution of road deterioration, informing maintenance
strategies for large-scale road networks and addressing the
complexities of road infrastructure management, including traffic
dynamics and environmental impacts.

Index Terms— Gaussian mixture distributions, road network,
road deterioration, transportation management, spatial line
segmentation.

I. INTRODUCTION

TRANSPORTATION infrastructure supports smooth traffic
flow, enhances road safety, promotes alternative trans-

portation modes, and enables efficient resource management
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[1], [2], [3]. As the foundation of transportation infrastructure,
road networks facilitate the movement of people and goods
while enhancing connectivity and accessibility [4]. Large-scale
road networks often span thousands of kilometers and encom-
pass diverse traffic patterns, environmental conditions, and
asset characteristics, presenting significant challenges for man-
agement and maintenance across metropolitan regions, states,
or even entire countries. Well-maintained road networks can
reduce congestion [5], [6] and mitigate negative environmental
impacts [7].

However, road deterioration is a significant issue influ-
enced by various factors such as climate and traffic [8], [9].
Effectively managing road deterioration presents two main
challenges. First, acquiring high-quality data related to road
deterioration is crucial, including collecting detailed infor-
mation on factors such as surface conditions, environmental
impacts, and traffic loads to accurately assess deterioration
rates [10]. Second, developing suitable and effective man-
agement methods is essential. Current indicators, such as
pavement service life, often show a low correlation with
actual road conditions due to factors like design lifespan and
fluctuations in traffic flow [11]. In addition, effective man-
agement methods must address the various movements, wear
and tear, and structural damage that contribute to increasing
maintenance demands [12].

Current methods for managing road deterioration can be
categorized into data-driven analysis and multi-user demand
analysis [13], [14]. The data-driven analysis utilizes advance-
ments in sensor technology to gather extensive road condition
data, which is increasingly applied in local construction and
maintenance [15]. This approach improves network-level man-
agement by providing high accuracy and valuable information,
mainly through large-scale spatial analysis [16]. However,
it lacks effective segment-level indicators to quantify deterio-
ration accurately [17]. In contrast, multi-user demand analysis
focuses on the different needs of various road users. This
approach highlights the significance of segment-level data,
which is often more practical than raw observational data [18].
While it captures diverse user requirements, it may not always
offer the detailed condition assessments that data-driven
methods provide. Consequently, there is a need for precise
segment-level methods to assess road deterioration, which
would facilitate long-term maintenance decision-making for
government agencies.

Road segmentation effectively divides large-scale road net-
works into segment-level units, allowing for detailed analysis
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of road deterioration and providing valuable decision sup-
port for maintenance. The road segmentation model identifies
homogeneous segments based on deterioration characteristics,
facilitating targeted maintenance, proactive planning, perfor-
mance monitoring, and integrated analysis [19], [20]. This
method enables transportation planners and engineers to tackle
issues more effectively by breaking down road networks into
meaningful segments, which aids in developing customized
plans and targeted interventions to enhance traffic flow, such
as identifying hotspots for congestion and high traffic vol-
umes [21], [22], [23]. Road segmentation could be expanded
to both private and public transport, which are useful for
evaluating the risk of accidents [24], [25]. Ultimately, these
advancements in road segmentation contribute to safer and
more efficient transportation systems.

Previous research focused on methods for defining road seg-
ments that can be classified into three categories [20]. Firstly,
one common approach involves segmenting roads as sec-
tions between intersections, considering road numbers, names,
directions, and intersection locations within the network [26].
This method simplifies the identification of individual road
sections and helps road users with communication and navi-
gation. Secondly, another approach involves identifying road
segments with consistent properties, such as the number of
lanes, width, pavement surfacing type, construction material,
or soil type [12]. This method is particularly useful for man-
aging and maintaining infrastructure, as it allows for grouping
similar road sections to allocate resources efficiently and plan
maintenance. Thirdly, road segments are often characterized
by similar or approximate attributes, including traffic flows,
road deterioration, and local environmental conditions [27],
[28], [29]. Transportation practitioners can gain a better
understanding of the factors affecting traffic operations by
analyzing attributes within road segments, such as congestion
patterns, road surface conditions, and environmental impacts
[22], [30], [31]. Such analysis aids in optimizing road infras-
tructure investments, enhancing traffic flow, and developing
targeted sustainable transportation strategies.

Despite the effectiveness of existing road segmentation
methods, they exhibit notable limitations [32]. One significant
issue is their sensitivity to sudden changes in observations,
particularly the presence of outliers, which can adversely affect
segmentation results. For example, outliers in road deterio-
ration variables can severely impact the final segmentation
outcomes [33], subsequently influencing road maintenance
strategies. Furthermore, there needs to be more consideration
of the probability distribution of road deterioration variables;
effective segmentation requires that variables within the same
road section exhibit similar probability distributions [22],
as deviations can lead to misestimations of deterioration
rates and hinder the development of effective environmental
mitigation measures.

To overcome the existing limitations in road segmenta-
tion, the primary objective of this study is to develop a
novel segmentation approach that addresses the challenges
of managing road deterioration in large-scale road networks.
The GMS model utilizes the probability distribution of road
deterioration variables in terms of sensor monitoring data

for segmentation and employs Jensen-Shannon divergence to
measure distribution distance, allowing for effective segmen-
tation that is less sensitive to abrupt changes and outliers.
Accurately identifying homogeneous road segments based on
their deterioration characteristics enables the GMS model to
distinguish segments with higher deterioration rates. These
high-deterioration areas can then be prioritized for timely
maintenance, enabling government agencies to make informed
long-term maintenance plans. This approach enhances the
management of pavement deterioration, resulting in more
effective decision-making across road networks.

This study proposes a Gaussian mixture segmentation
(GMS) model for spatial line segmentation to manage deteri-
oration in large-scale road networks. The work is original in
several key ways. First, the innovative use of probability dis-
tribution is introduced to segment road deterioration variables,
enabling the identification of high-deterioration areas. The
model can assist government agencies in making long-term
maintenance plans and improving overall road conditions.
Second, the method enhances road segmentation accuracy
by addressing the sensitivity of existing methods to abrupt
changes and outliers, which can distort segmentation results.
This improvement leads to a more precise identification of
high-deterioration road segments, ultimately facilitating more
effective maintenance strategies. Finally, a case study was
conducted in the South West region, employing three met-
rics to compare this method with traditional segmentation
approaches. The results indicate that the GMS model outper-
forms existing methods. This study lays the groundwork for
developing targeted maintenance strategies and contributes to
advancing research in this field by integrating the probability
distribution of road deterioration variables.

II. RELATED WORKS

Methods related to this study are reviewed in this section,
including road segmentation methods, Gaussian mixture seg-
mentation and deep learning-based segmentation methods.

A. Road Segmentation Methods

In recent years, various emerging methodologies have been
developed for road segmentation, each offering unique advan-
tages for analyzing road networks. The coefficients of variation
(CV)-based methods focus on identifying segments with min-
imal coefficients of variation, indicating high homogeneity
within the segment [34]. This approach is beneficial for traffic
analysis and pavement condition assessment, as it highlights
sections of the road that exhibit consistent characteristics [35].
On the other hand, the change-point detection algorithm
(CDA) detects change points in road data by analyzing
cumulative area functions and their slope functions [36].
This method effectively identifies abrupt changes in traffic
patterns or road conditions, making it valuable for dynamic
road environments [30], [37], [38]. The constant length (CL)
method segments roads into fixed-length sections, providing
a straightforward approach to road analysis [22]. Meanwhile,
the coefficient of variation (MCV) method aims to identify

Authorized licensed use limited to: CURTIN UNIVERSITY. Downloaded on June 24,2026 at 00:00:25 UTC from IEEE Xplore.  Restrictions apply. 



ZHANG et al.: GMS FOR MANAGING DETERIORATION OF LARGE-SCALE ROAD NETWORKS 12463

road segments with the minimum coefficient of variation,
effectively detecting data groups with high homogeneity [35].

Considering the heterogeneous characteristics of road
segmentation data, clustering methodologies have been exten-
sively employed to reveal hidden relationships and complex
patterns [39]. Clustering techniques effectively group road
segments based on similarity assessments of their attributes
and spatial distributions. For instance, Depaire et al. utilized
latent class clustering to discern homogeneous collectives of
road segments [40], while Luca et al. employed C-mean
clustering to identify sets of road segments for subsequent
modeling endeavors [41]. Kumar and Toshniwal adeptly used
K-mode clustering and association rule mining to identify the
circumstances underlying road segment characteristics [42],
illuminating distinctive trends and latent patterns within differ-
ent clusters. Ghadi et al. applied K-means clustering to stratify
road segments into spatial clusters, facilitating the identifica-
tion of high-risk segments [43]. These clustering techniques
have proven invaluable in road segmentation by enhancing the
understanding of segment characteristics, such as traffic flow
and surface conditions while facilitating the identification of
patterns that inform targeted maintenance strategies and opti-
mize resource allocation [44]. In addition, road segmentation
methods based on spatial heterogeneity have been developed to
address the complex nature of road networks [45]. Song et al.
proposed a spatial heterogeneity-based segmentation (SHS)
model that achieves higher homogeneity and heterogeneity
among road segments compared to other methods, offering
improved management of infrastructure systems [46]. These
methodologies collectively contribute to a more nuanced
understanding of road segmentation, enabling more effective
analysis and management of road networks.

B. Gaussian Mixture Segmentation

Gaussian Mixture Models (GMMs) have gained significant
traction in segmentation tasks due to their ability to effectively
model complex distributions [47]. In image segmentation,
GMMs offer a probabilistic framework that adeptly handles
multimodal data distributions, making them particularly
suitable for scenarios with substantial variations in pixel
intensity [48]. Early implementations of GMMs employed
the Expectation-Maximization (EM) algorithm to model
pixel intensity distributions, yielding robust results across
various applications, including medical imaging and object
recognition [49].

To enhance segmentation performance, researchers have
increasingly integrated spatial information alongside color or
intensity data. Techniques that combine GMMs with Markov
Random Fields (MRFs) have demonstrated significant poten-
tial in enforcing spatial coherence among segmented regions,
thereby improving segmentation accuracy [50]. Furthermore,
hierarchical GMMs enable multi-scale representations that
capture varying levels of detail, allowing models to adapt
to local geometric characteristics. This advancement is par-
ticularly valuable for applications such as point cloud
segmentation and 3D reconstruction, where capturing the
intricacies of spatial relationships is crucial [51].

The integration of GMMs with deep learning frameworks
has significantly enhanced segmentation capabilities [52].
Utilizing Convolutional Neural Networks (CNNs) for feature
extraction alongside Gaussian Mixture Models (GMMs) for
probabilistic modeling, researchers have developed hybrid
approaches that leverage the strengths of both method-
ologies [53]. This combination has enhanced segmentation
performance, especially in challenging visual conditions.
Wang et al. demonstrated the potential of Gaussian mixture
models in complex scenarios, highlighting their effectiveness
in object detection and localization [54]. Modeling the distri-
bution of object instances with Gaussian mixtures allows these
methods to adapt to various scales and occlusions, thereby
enhancing the robustness of segmentation results.

C. Deep Learning-Based Segmentation Methods

Recent advancements in deep learning have greatly
improved road segmentation based on images, leading to
various innovative methodologies. Key architectures include
Fully Convolutional Networks (FCN), U-Net, and DeepLab.
FCNs introduced end-to-end training for pixel-wise predic-
tions but often struggle with fine details, particularly for
thin objects like roads [55]. U-Net features a symmetric
encoder-decoder structure that captures high-resolution fea-
tures through skip connections [56]; however, it can produce
noisy segmentations in complex environments. DeepLab uti-
lizes convolutions to capture multi-scale context, achieving
high accuracy while increasing computational complexity [57].
In addition, Cheng et al. proposed a method that fuses geo-
metric and appearance information to enhance segmentation
accuracy [58], while Kong et al. developed a technique for
general road detection from a single image, improving the
effectiveness of image-based detection methods [59].

Despite these advancements, methods based on deep learn-
ing face limitations. A prominent issue is class imbalance,
where road pixels vastly outnumber background pixels, leading
to poor precision and recall for narrow roads. Many models
also tend to overfit, particularly when trained on small datasets,
posing challenges in generalization. In addition, the quality
of images can significantly impact segmentation accuracy,
making it difficult to rely solely on image-based methods.
For governments needing to make long-term maintenance
decisions, collecting images of all roads results in a massive
volume of data, complicating the analysis.

In contrast, the proposed Gaussian Mixture Segmentation
(GMS) model offers distinct advantages that enhance road
segmentation accuracy and management. The GMS model
does not depend on image information; instead, it utilizes
the inherent distribution characteristics of road deterioration
data, resulting in higher precision less affected by image
quality. This approach requires significantly less computation
time and eliminates the need to collect vast amounts of
image data. Furthermore, the model’s adaptability to different
environmental conditions, combined with its emphasis on
the inherent distribution characteristics of road data, posi-
tions it as a powerful tool for managing large-scale road
networks.
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III. MATERIALS AND METHODS

A. Study Area and Data

This study assesses road deterioration across the South West
region of Western Australia, selected for its diverse range
of land use and road network characteristics, as illustrated
in Fig. 1. Located approximately 300 km south of Perth,
the capital of Western Australia, the South West region
encompasses nearly all types of terrain found across Australia.
It is characterized by diverse topography, fertile farmland,
and favorable climatic conditions, making it one of the most
densely populated areas in the state. In addition, the region is
rich in mineral resources, including iron ore, gold, nickel, and
lead-zinc, which necessitates numerous highways for trans-
porting agricultural products and minerals. This diversity in
terrain and road network characteristics makes the South West
a highly representative area for our study. The effectiveness
of our proposed GMS model in this environment suggests
its applicability in similar terrains and road network contexts
throughout the country, highlighting the substantial research
value of the road network in this region.

This study primarily collected road deterioration data
using the Traffic Speed Deflectometer (TSD) system in West
Australia. Table I presents the road deterioration data col-
lected in the South West Region using the TSD system.
A total of 139,894 observations were collected at a resolution
of 20 meters, covering 23 highways totaling 2,797.88 km.
The South Western Hwy (H009) has the longest length of
520.30 km. Regarding the selected variables for road deteriora-
tion, this study focused on curvature and deflection, and Table I
provides detailed statistics on the curvature and deflection of
all highways. Curvature represents specific shape changes in
the road surface under asphalt fatigue. Deflection indicates
the maximum surface deflection of the road under standard
load, reflecting its strength. It can be observed that the road
condition of the M036 highway is the poorest, with an average
curvature of 188.9 µm and an average deflection of 617.6 µm.

B. Methods

This study develops a Gaussian mixture segmentation model
for managing the deterioration of large-scale road networks.
The proposed method’s flowchart is illustrated in Fig. 2,
consisting of four main steps: data preprocessing, explanatory
variable selection for road segmentation, Gaussian mixture
segmentation model, and model comparison and validation.

1) Data Processing: Data processing organizes and pre-
pares road deterioration data collected through the Traffic
Speed Deflectometer (TSD) in our study. Our structured
approach converts raw monitoring data into a coherent dataset
suitable for subsequent spatial line segmentation analysis. This
comprehensive process includes four steps.

The first step involves processing the road deterioration
data, which are monitored at a 20-meter interval using an
updated Traffic Speed Deflectometer (TSD) system across the
road network, without any missing data. The TSD is a heavy
vehicle-based road deterioration monitoring system consisting
of Doppler lasers, 3D sensors, GPS, cameras, and temperature
probes, providing a comprehensive dataset on road conditions.

Fig. 1. Location and land use distribution in (a) Australia, (b) South West,
(c)-(h) the inner part of South West.

The second step focuses on computing the road lengths
for each observation. Each observation represents a 20-meter
segment of road conditions examined in the study. We establish
a consistent basis for comprehensive analysis by determining
the total lengths of the roads, such as calculating the M002
road to be 291.72 kilometers based on its 14,585 sampling
points. This calculation allows our segmentation model to
assess road deterioration across the entire segment accurately.

Furthermore, the spatial sorting of observation locations was
carefully executed, aligning the data points along the road-
way to reflect their actual physical positions. This alignment
ensures the geographical accuracy of our data, facilitating
precise spatial analysis and road deterioration assessment.

Lastly, our data processing included the identification and
separate treatment of geographically distinct roads sharing
identical identifiers, such as road numbers and names. It’s
imperative to distinguish between these roads to prevent any
analytical ambiguities that might arise from conflating uncon-
nected segments.
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TABLE I
A SUMMARY OF OBSERVATIONS OF ROAD DETERIORATION RECORDS

Fig. 2. Flowchart of Gaussian mixture segmentation Model for managing deterioration of large-scale road networks.

2) Explanatory Variables Collection for Segmentation: This
study considers variables for determining the spatial line
of road segments, explicitly aligning with the practical
requirements of road construction projects and network

management. These requirements include the need for
accurate performance assessment, informed maintenance
decision-making, and ensuring the safety and longevity of
the road network [60]. To meet these needs, variables such
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as curvature and deflection were selected, which are critical
indicators of road performance. These variables allow us to
quantify the degradation of road segments over time, facilitat-
ing timely maintenance actions.

3) Gaussian Mixture Segmentation Model: The Gaussian
mixture segmentation model is developed because explanatory
variables of the same road segment should present similar
distributions. It mainly consists of two steps.

In the first step, the spatial line segment data is compared
to a predetermined threshold for road segment length. If the
length of the segment falls below the minimum requirement,
it is considered a valid segment. Conversely, if the length
exceeds the maximum requirement, the segment undergoes
further division using the approach described in the second
step. Appropriate minimum and maximum segment lengths
significantly influence effective road deterioration manage-
ment. Shorter segments facilitate more localized analysis and
targeted maintenance strategies, while longer segments offer
a broader perspective on the overall network. In this study,
we set the minimum segment length to 1 km and the maximum
to 5 km based on our understanding of the road network
characteristics and discussions with infrastructure management
experts. This range enables us to capture the spatial variability
in road deterioration while maintaining a reasonable number
of segments for practical implementation of deterioration
mitigation measures.

In the second step, the road is segmented into two segments
by identifying a point of change that maximizes the difference
in probability distributions between the two segments. This
process aims to meet specific requirements: the length of
the segmented road should be within a predefined threshold,
and the two segments should exhibit the largest possible
difference in the probability distribution of explanatory vari-
ables. To measure the dissimilarity between the probability
distributions within each road segment, a Gaussian Mixture
Segmentation (GMS) model is employed. This model applies
a Gaussian mixture distribution to capture the variability in
the explanatory variables. The implementation of the Gaus-
sian mixture distribution involves the following steps: First,
the explanatory variables are represented mathematically as
a weighted sum of multiple Gaussian components. This is
formulated as:

p(x) =

K∑
k=1

πk N (X |µk, 6k) (1)

where p(x) is the probability density function of the explana-
tory variables, πk represents the mixing weight of the k-th
Gaussian component, and µk is the mean of explanatory
variables, 6k is the covariance matrix, and K is the number
of components. Second, the Expectation-Maximization (EM)
algorithm was used to estimate the parameters of the Gaussian
mixture distribution, including the mixing weights, means, and
covariances. In the E-step, the posterior responsibilities of
each data point belonging to each Gaussian component was
computed:

rik =
πk N (|X iµk, 6k)∑K

j=1 π j N (X i |µ j , 6 j )
(2)

where rik is the responsibility of the k-th component for the
i-th data.

In the M-step: the parameters based on these responsibilities
were updated:

πk =
1
n

n∑
i=1

rik (3)

µk =

∑n
i=1 rik X i∑n

i=1 rik
(4)

6k =
6n

i=1rik(X i − µk)(X i − µk)
T

1
n

∑n
i=1 rik

(5)

After updating the parameters, convergence check is per-
formed to determine if the algorithm has stabilized. This
involves evaluating the change in log-likelihood between itera-
tions and ensuring that it falls below a predefined threshold ϵ.

|logL(θ)−logL(θprevious)| < ϵ (6)

To quantify the dissimilarity between the explanatory vari-
able distributions of the two road segments, this study utilizes
the JS divergence as a metric [61]. The advantage of using the
JS divergence is that it provides a reliable measure to quantify
the dissimilarity or similarity between two probability distri-
butions, allowing for a robust evaluation of the differences
in explanatory variable distributions and facilitating accu-
rate segmentation and analysis in various applications [62].
JS divergence is calculated as follows:

JS(P∥Q) =
1
2

(∑
pi (x) log

(
2pi (x)

pi (x) + p j (x)

)
+

∑
p j (x) log

(
2p j (x)

pi (x) + p j (x)

))
(7)

where pi denotes the probability distribution of the explana-
tory variables in road segment i , whereas p j represents the
probability distribution of the explanatory variables in road
segment j .

The dissimilarity between the explanatory variable distribu-
tions of the two road segments can be effectively evaluated
by utilizing the JS divergence, providing insight into the
segmentation quality and the degree of dissimilarity between
the identified segments. If the segmented data exceeds the
specified maximum segment length, the segmentation process
will be iterated until all segment lengths conform to the
predetermined length threshold.

4) Validation for Segmentation: This study evaluates the
segmented road segments based on a set of evaluation metrics,
which include the number of segments, coefficient of variation,
Caliński-Harabasz Index (CHI), and Davies-Bouldin Index
(DBI). These metrics are universal and are widely applied in
various segmentation and clustering methods [63], [64], [65].
These metrics are utilized to compare the effectiveness of
the segmentation methods employed in this study with four
commonly used road segmentation methods: the constant
length (CL) method, the minimization coefficient of variation
method, the cumulative difference approach (CDA), and the
spatial heterogeneity-based segmentation model (SHS).
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The number of segments is the first evaluation metric.
It measures the number of segments resulting from the seg-
mentation. Generally, having too many segments can lead to
concise road segments, which may hinder detailed road anal-
ysis. On the other hand, having fewer segments can result in
longer segments, sacrificing the homogeneity of the road seg-
ments. Therefore, it is essential to strike a balance and choose
an appropriate number of segments for accurate analysis.

The CV is another evaluation metric for road segmentation,
measuring the variability or spread of data within each seg-
ment. In this context, the CV reveals the variation within each
segment, enabling us to assess the uniformity or heterogeneity
present.

The formula for calculating the CV is as follows:

CV =
σ

µ
∗ 100 (8)

where σ represents the standard deviation of the attribute
values within the segment. It quantifies the extent of deviation
or dispersion from the mean. µ denotes the mean of the
attribute values within the segment. It represents the average
value or central tendency of the data. The CV is expressed as
a percentage and represents the ratio of the standard deviation
to the mean of the attribute values within each segment.
A lower CV indicates more uniformity or consistency within
the segment, suggesting that the road segment exhibits less
variation in terms of the attribute being assessed. On the
other hand, a higher CV implies more significant heterogeneity
or variability within the segment. In practical research, it is
expected to use a CV value of less than 0.25 to evaluate the
effectiveness of segmentation methods [46].

The Caliński-Harabasz Index is a metric used to evaluate
the quality of road segmentation. It measures the compactness
and separation of segments resulting from the segmentation.
A higher Caliński-Harabasz Index indicates better separation
between segments and higher intra-segment similarity, which
implies that the segmentation method has successfully formed
distinct and cohesive road segments. Therefore, in the context
of the Caliński-Harabasz Index, a higher value is desirable as
it signifies a more effective and accurate segmentation.

The formula for the Caliński-Harabasz Index is as follows:

C H I =
BC SS
WC SS

∗
n − k
k − 1

(9)

where BC SS (Between-Cluster Sum of Squares) measures
the sum of squared distances between segment centroids
and the overall centroid. It quantifies the separation between
segments. WC SS (Within-Cluster Sum of Squares) measures
the sum of squared distances within each segment. It reflects
the compactness or homogeneity of segments. n is the total
number of road points. k is the number of road segments.
By comparing the ratio of BC SS to WC SS and taking into
account the number of road points and segments, the Caliński-
Harabasz Index provides a comprehensive evaluation of the
quality of road segmentation. A higher score indicates better
segmentation performance, with well-separated and internally
consistent road segments.

The Davies-Bouldin Index is an evaluation metric that
quantifies the quality of road segmentation. It measures the

Fig. 3. (a) Spatial distribution of average deflection for each segment by
GMS model in South West; (b) Spatial distribution of average deflection for
each segment by GMS model in South West.

similarity and dissimilarity between clusters formed by the
segmentation. A lower Davies-Bouldin Index indicates better
segment separation and higher intra-cluster similarity. This
metric helps evaluate the segmentation method’s ability to
form well-defined and internally consistent road segments.

The Davies-Bouldin Index is a measure used to evaluate
the quality of road segment segmentation [66]. Its calculation
formula is as follows:

DB I =
1
k

k∑
i=1

max(
(Si + S j )

di j
) (10)

where k is the number of road segments, Si represents the
average value of the data in road segment i . di j denotes
the distance between segment i and segment j . The goal
of the Davies-Bouldin Index is to minimize its value, with
lower values indicating better road segment segmentation.
The Davies-Bouldin Index measures the compactness and
separability of road segments, whereas compact segments with
well-separated centroids will yield a lower Davies-Bouldin
Index.

The effectiveness and quality of the GMS model in
capturing meaningful and distinct road segments can be quan-
titatively evaluated by calculating the Davies-Bouldin Index
for the proposed GMS model and comparing it with other
road segment segmentation methods.

IV. RESULTS

A. Gaussian Mixture Segmentation

This study employed a Gaussian mixture segmentation
(GMS) model to segment the road network based on variables
related to road deterioration, such as curvature and deflec-
tion. The segmentation was conducted using segment lengths
ranging from 1 km to 5 km. This range was selected based
on established practices in road construction projects and the
decision-making experience of road network management and
maintenance strategies in Western Australia [60]. Specifically,
longer roads requiring resurfacing are typically treated as
network-level segments within this range [46].

Fig. 3 illustrates the spatial distribution of curvature and
deflection after segmentation, revealing that areas with higher
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Fig. 4. Statistic distribution of Deflection and Curvature of a selected road in South West Region.

deflection are primarily concentrated in the western and south-
ern regions. Similarly, regions with higher curvature also show
a concentration in these areas. Factors such as the abundance
of agricultural and mineral resources contribute to this pattern,
as heavy vehicles transporting these resources can accelerate
the deterioration of road infrastructure. The segmentation and
spatial analysis of road deterioration variables provide valuable
information for developing targeted maintenance strategies and
optimizing resource allocation to manage the road network
effectively.

The study focused on Highway H009, which is the longest
road running from the southern to the northern regions and
serving as a major freight route. Specifically, the study exam-
ined the complex traffic area from 68.856 km to 195.973 km
along this road. In Fig. 4, the curvature and deflection of
each segment in this middle section were plotted, showing
variations among segments. The GMS segmentation method
revealed significant heterogeneity between segments. In addi-
tion, the study observed distinct Gaussian mixture distributions
of curvature and deflection by focusing on several segments,
indicating that the proposed method effectively identifies the
distribution characteristics of explanatory variables around
road segments while ensuring clear differentiation between
segments.

To further analyze the robustness of the GMS model,
an in-depth analysis is conducted of a specific road segment,
H002, comparing the segmentation results obtained from GMS
with those from four other methods: CDA, SHS, CL, and
MCV. Our evaluation focused on the model’s performance
concerning outliers and abrupt changes, specifically examining
the deflection and curvature. As illustrated in Fig. 5, our
findings demonstrate that the GMS method effectively distin-
guishes between high and low values, proving its capability
to accurately segment road conditions compared to the other
methods. The GMS model exhibits superior resilience to the
adverse effects of outliers and unexpected data variations,
unlike SHS, CDA, and MCV, which show a propensity for
erroneous segmentation under these conditions. These methods
often mis-segment by dividing a continuous segment into two
based on isolated extreme values, undermining the integrity of
the analysis. In contrast, the enhanced robustness of the GMS
model confirms its effectiveness and reliability in identifying
data patterns, even in the presence of significant perturbations,
making it a strong choice for complex data segmentation tasks.

Fig. 5. Comparison of five homogeneous segmentation methods: GMS,
CDA, SHS, CL and MCV ((a) and (b): Spatial distribution of selected roads,
(c)-(l) deflection and curvature segmented by GMS, CDA, SHS, CL and MCV
methods).

This capability is crucial for recognizing deteriorating road
segments as single continuous issues, which is essential for
effective maintenance strategies.

Lastly, the study also analyzed high-risk situations for
each road segment. Segments with curvature greater than
300 micrometers and deflection greater than 700 micrometers
are generally classified as high-risk segments. Fig. 6 illus-
trates the proportion of high-risk segments on each highway,
revealing that the M036 segment has the highest proportion of
high-risk segments. The location of this road near mining and
agricultural areas contributes to its classification. In addition,
the limited availability of alternative routes leads to a higher
volume of freight transportation on this road, resulting in
increased levels of damage.

B. Model Validation

In order to assess the effectiveness of the proposed GMS
model, this study utilized an evaluation system to compare it
with four commonly used methods: CDA, SHS, CL, and MCV.
The assessment methods employed in this study include the
number of segments, the CV, the Caliński-Harabasz Index, and
the Davies-Bouldin Index.
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Fig. 6. Comparison of high deterioration risk roads. (a) Percentage of
High-curvature-risk segments for each road segmented by GMS model.
(b) Percentage of High-deflection-risk segments for each road segmented by
GMS model.

Firstly, the number of segments after segmentation was
considered. Table II compares the number of segments among
the five methods. It can be observed that the GMS method
falls between other four methods in terms of the number of
segments. Generally, having too many segments can result
in excessively short segment lengths, which may hinder the
analysis of specific traffic issues. Conversely, if the number of
segments is too small, it may fail to ensure homogeneity within
each segment. Therefore, the GMS method helps maintain a
reasonable number of segments after segmentation.

The second metric under consideration is the CV, which
evaluates the homogeneity or consistency within each seg-
ment. The percentage of segments with a CV less than
0.25 is commonly employed as a benchmark for the practical
assessment of road segmentation methods. As depicted in
Table III, a comparative analysis of this percentage across
five segmentation methods is provided. The proposed GMS
method demonstrates superior performance in terms of this
metric. Specifically, the average percentage of segments with
a CV lower than 0.25 in the GMS model is 46.2% higher
than that of the CDA method and 23.5% higher than that
of the SHS method. In addition, when compared to other
methods, the GMS model shows a 98.8% improvement over
the CL method and a 48.7% improvement over the MCV
method. These results highlight the effectiveness of the GMS
method in achieving more accurate segmentation. These find-
ings show that the GMS method produces segments with
more homogeneous data points, as evidenced by the lower
CV values compared to the other methods. Consequently, the
GMS approach effectively generates segments with internally
consistent patterns or properties, which is a critical aspect of
segmentation analysis.

Table III also presents a comparative evaluation of the
Davies-Bouldin Index and the Caliński-Harabasz Index across

TABLE II
COMPARISON OF THE NUMBER OF SEGMENTS AMONG THE FIVE SEGMEN-

TATION METHODS

five distinct road segmentation methods. The results indicate
that the road segments delineated by the proposed GMS
method are characterized by a higher Caliński-Harabasz Index
and a lower Davies-Bouldin Index, relative to those obtained
using the other methods. Specifically, the GMS model exhibits
a remarkable reduction in the average Davies-Bouldin Index
by 59.8% compared to the CDA method and by 25.2% in com-
parison to the SHS method. In addition, the GMS model shows
a 64.4% reduction compared to the CL method and a 41.0%
reduction compared to the MCV method. Furthermore, the
average Caliński-Harabasz Index for the GMS model shows a
substantial improvement, increasing by 98.5% over the CDA
method and by 32.0% when contrasted with the SHS method.
The GMS model also demonstrates a 131.1% improvement
over the CL method and a 23.0% improvement over the MCV
method. These results underscore the effectiveness of the GMS
method in achieving superior segmentation quality.

These metrics underscore the efficacy of the GMS method
in achieving a segmentation that ensures distinct separa-
tion between segments and maintains high internal simi-
larity within each segment. The enhanced separation and
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TABLE III
A SUMMARY OF COMPARISON OF THREE METRICS AMONG THE FIVE SEGMENTATION METHODS

homogeneity are advantageous for conducting meaningful
analysis and interpretation of the data within the seg-
mented road network. The refined segmentation facilitates
a comprehensive understanding of road segments’ diverse
characteristics and behaviors.

The analysis of the segmented road network proves instru-
mental for in-depth traffic studies, including examining traffic
patterns, identifying congestion hotspots, and scrutinizing
travel behavior within specific segments. The actionable
intelligence derived from this analysis can be leveraged to
optimize traffic flow, pinpoint bottlenecks, and implement
efficacious traffic management strategies, thereby improving
transportation systems.

V. DISCUSSION

In this study, an innovative approach to road segmentation
was introduced, designed to tackle the challenges of man-
aging deterioration within extensive road networks, focusing
on spatial line segmentation. A significant advantage of the
method lies in its incorporation of probability distributions for
variables related to road deterioration. The inherent variability
within road segments was captured by accounting for vari-
ances among these variables and modeling their probability
distributions. The GMS model enabled the definition of more
meaningful segment boundaries, enhancing the accuracy of the
segmentation process. Notable improvements were observed,
evidenced by an increase in the average percentage of seg-
ments with a CV lower than 0.25, which was 23.5% to 98.8%
higher compared to other methods. In addition, a reduction in
the average Davies-Bouldin Index was observed, ranging from
25.2% to 64.4% lower than other models. Improvements in the
average Caliński-Harabasz Index showed an increase ranging
from 23,0% to 131.1% over other methods. In addition, the
computation time of the GMS model under varying total
lengths of roads has been discussed. As indicated in Table IV,
even when processing road segments totaling up to 500 km

TABLE IV
COMPUTATION TIME FOR DIFFERENT TOTAL LENGTH OF ROADS

in length, our algorithm completes the computations in under
5 seconds. This result demonstrates the method’s efficiency
and scalability, confirming that it can effectively handle larger
datasets without significant increases in computation time.
These results underscore the effectiveness and efficiency of
the GMS method in achieving more accurate segmentation
and its robustness in diverse conditions. The GMS model also
demonstrated resilience against sudden changes in observa-
tions, particularly the presence of outliers, contributing to its
robustness.

A key aspect of the study involved applying probability
distributions to accurately reflect the underlying characteristics
of road variables. Appropriate distributions were selected
to model the complex interplay between road infrastruc-
ture, traffic dynamics, and environmental conditions, thereby
strengthening the robustness of the segmentation process. The
use of Gaussian mixture distributions to represent variabil-
ity in road deterioration data demonstrated the advantages
of employing Gaussian models, effectively approximating a
wide range of distributions in mixture form. This approach
addressed the challenges presented by heterogeneous data.
Furthermore, the method’s flexibility allows for the incor-
poration of different probability distribution models based
on specific variable characteristics. Utilizing the Expectation-
Maximization (EM) algorithm to estimate the parameters of
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the Gaussian mixture distribution enhanced the robustness
and efficiency of the segmentation model in analyzing road
deterioration.

In addition to deflection and curvature, there are numerous
factors that influence road deterioration, such as Average
Annual Daily Traffic (AADT) and weather conditions. When
multiple indicators are available, the entropy weight method
can assign weights to these variables. This method involves
calculating the entropy value for each indicator to determine
its degree of disorder or uncertainty. The entropy weight
is then derived by normalizing these values, allowing us
to quantify the relative importance of each factor [67].
Integrating these weighted indicators with our GMS model
enables a more precise segmentation of road deterioration.
This approach enhances the accuracy of our analysis and
provides a more comprehensive understanding of the factors
contributing to road degradation, ultimately leading to more
effective maintenance and management strategies.

The practical implications of our findings are substan-
tial, as our research enhances road maintenance planning by
precisely identifying segments with high deterioration rates.
The GMS model allows government agencies to effectively
prioritize maintenance efforts by pinpointing stretches of road
that deteriorate more rapidly due to factors such as traffic
volume and environmental conditions. This strategic approach
optimizes resource allocation, prolongs infrastructure lifespan,
and improves safety and driving conditions. By integrating
the GMS model into existing Pavement Management Systems
(PMS) and utilizing real-time deterioration data from sensors,
agencies can monitor high deterioration segments effectively,
which enables better real-time assessment of road conditions,
allowing for proactive allocation of maintenance resources
to minimize traffic disruptions and boost overall network
efficiency. The model’s adaptability to different environmental
conditions further underscores its potential applicability across
varied geographical regions, supporting a transition toward
sustainable and resilient transport infrastructure while aiding
planners in predicting potential problem areas before they
escalate.

While the case study focused on Western Australia’s South
West region, the Gaussian Mixture Segmentation (GMS)
model demonstrates high adaptability for application in other
regions and network characteristics. Future research could
refine and optimize the GMS model by integrating additional
variables into the segmentation process and exploring its
applicability to other infrastructure domains. Our case study
in the South West region illustrates a diverse range of land use
and road conditions, demonstrating that the GMS model per-
forms effectively across various road environments. While this
study primarily focuses on road infrastructure deterioration,
it is recognized that the theoretical framework of the model
can extend to other types of infrastructure, such as bridges
and railways, where deterioration patterns may exhibit simi-
lar probabilistic characteristics. The potential for developing
decision-support systems that utilize data from GMS segmen-
tation is emphasized, which would assist government agencies
in making informed long-term maintenance decisions and
ensuring effective resource allocation for segments identified

as high deterioration areas. Future research can enhance the
applicability and impact of the GMS model across multiple
infrastructure contexts by exploring these avenues.

VI. CONCLUSION

In this study, a novel Gaussian mixture segmentation (GMS)
model was proposed, utilizing the probabilistic distribution
of road deterioration data to capture the inherent variability
within road segments. The GMS model provides a man-
agement approach for road deterioration in large-scale road
networks. A thorough evaluation of segmentation results was
achieved by integrating evaluation metrics that consider the
features of data distribution. This study emphasizes the sig-
nificance of further research to improve the robustness and
adaptability of the GMS model across various transportation
contexts.

However, limitations exist, as the model could benefit from
considering additional variables such as traffic characteristics
and environmental factors, as well as a broader range of
infrastructure types. Future work should focus on integrat-
ing the GMS model with traffic simulation and predictive
maintenance strategies, as well as exploring interdisciplinary
collaborations. Expanding its applications to include environ-
mental assessments and sustainable transportation planning
will enable the GMS model to contribute to the development
of transportation systems that are resilient, sustainable, and
efficient, thereby reducing unexpected failures and enhancing
maintenance strategies.
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