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Abstract: The impact of disturbances on a transportation network varies depending on
the location and characteristics of the affected highway segments. Given limited resources,
it is crucial to prioritize the protection and repair of highway segments based on their
importance to maintaining overall network performance during disruptions. This paper
proposes a novel method for ranking the importance of highway segments, leveraging a
novel local–transit percolation and clustering-based method. Initially, the highway network
is constructed by Graph theory, and the k-means clustering method is applied considering
each segment’s transit and local traffic flows. Subsequently, a local–transit percolation
model is constructed to generate an initial ranking of segments based on the size of the
second-largest clusters during the percolation phase transition. A secondary ranking is
performed by refining the results from the clustering phase. Results of a control experiment
show that, compared to baselines, the proposed ranking approach demonstrates a signifi-
cantly improved ability to sustain network demand and connectivity when high-ranked
segments are moved. The model uncertainty analysis was conducted by adding noise to
the gantry records, and the experiments demonstrated that the model exhibits robustness
under noisy conditions. These findings highlight the effectiveness and superiority of the
proposed method.

Keywords: highway; resilience; percolation theory; clustering; segment importance ranking

1. Introduction
Highways are vital for transporting passengers and cargo both within and between

cities. Highways have broad coverage and allow for fast travel, contributing to high
traffic efficiency in the transportation network. However, this also makes them vulnerable
to disturbing events such as natural disasters, traffic accidents, and road maintenance.
These events typically reduce highway capacity or even disrupt the highway’s operation.
Highways need to maintain connectivity and ensure travel reliability during disruptions.

Transportation resilience refers to the ability to maintain its original state under
disruptions. The concept of resilience [1] consists of two abilities: (1) the ability to maintain
functionality under disruptions and (2) the ability to recover from the disruptions. Based on
the timing of the disruption event’s impact, resilience can be categorized into three stages:
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prevention, resistance, and recovery. At the micro level, transportation resilience focuses on
the ability of transportation facilities to resist damage and recover quickly. It also considers
the capability of vehicles and participants to maintain safety and travel efficiency during
disturbances. These methods, however, do not apply to large-scale disruptions. At the
macro level, disturbances generally cause traffic congestion and flow shifts on localized
road segments, which can then lead to large-scale failures in the highway network, known
as cascading failures. The impact of each highway segment on the network depends on its
location and connections. Given limited resources, it is crucial to prioritize protecting and
repairing the segments that are of high importance on the highway network. Therefore,
ranking the importance of highway segments is necessary to enhance network resilience.

Segment importance is typically assessed by examining performance changes in the
traffic network pre- and post-disturbance. This assessment can be approached through
simulation-based methods and complex network-based methods. Simulation-based meth-
ods involve traffic flow reassignment pre- and post-disturbance using traffic simulations. It
analyzes changes in traffic flow across segments and calculates metrics such as network
efficiency and congestion levels. Traffic flow simulation tools include microscopic simu-
lation software like VISSIM, AIMSUN, SUMO, and MITSIMLab, along with macroscopic
models and software such as METANET, CTM, and Visum [2]. Zhou and Wang [3] con-
sidered segment vulnerability and potential, using the CTM-U model to simulate various
traffic events. They identified the segments that most affected network performance under
different scenarios. Almotahari et al. [4] considered accessibility, redundancy, and the
importance of carrying traffic demand, proposing the Link Criticality Index metric. Ku-
mar et al. [5] defined critical segments based on the impact of removing each segment on
network efficiency. Network efficiency is inversely proportional to the average travel time
between all origin–destination pairs. This method handles network disconnections but
requires multiple traffic assignments. Traffic flow simulation could accurately demonstrate
the impact of disturbances on traffic flow. However, when applied to large-scale traffic
networks, it involves high modeling complexity and significant computational demands.

Compared to traffic simulation, complex network-based methods represent traffic
infrastructure as graphs composed of vertices and edges, offering a more straightforward
and computationally efficient analysis approach. Traditional complex network theory often
evaluates topological performance under disturbance conditions, including metrics such as
degree, centrality, betweenness, and shortest path lengths. However, as for transportation
networks, not only the topological performance but also functional performance, such as
vehicle speed and traveler demand, need to be considered. Percolation theory addresses
these aspects by describing changes in connected clusters as nodes or edges are removed [6].
This leads to a phase transition process in the network. Percolation theory is widely used
in assessing network resilience. Li et al. [7] calibrated traffic flow–speed–density functions
under rainy conditions using highway loop detector data. By integrating flow–speed–
density functions with percolation theory, they identified critical segments that should be
prioritized for protection during rainfall. Liu et al. [8] regarded airline integration as a
percolation process. They used critical integration time as an indicator of airline reliability.
Zhou et al. [9] proposed a method for large-scale network assessment based on percolation
theory. This approach is employed to analyze the stochastic dynamics of road networks
under the influence of various risk factors. Network connectivity and efficiency were defined
to characterize road network topology and functional performance quantitatively. OD traffic
refers to the traffic traveling on the roadway network and is classified as local OD traffic and
transit OD traffic. Cao et al. [10] identified that the percolation transition in a network can
manifest in different forms, including first-order, second-order, or dual-phase transitions.
The nature of the transition is contingent upon the strength of the dependencies between
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nodes and the density of the dependency links within the network. Kryven et al. [11]
explained the mechanism behind multiple discontinuous phase transitions in multilayer
networks. The percolation process reflects a situation where multilayer networks might
decompose. Such decomposition may extend across all layers of the network, especially
when the networks experience uncertain failures. Hayasaka et al. [12] discovered that the
sequential addition of edges in a specific order can trigger explosive percolation, wherein
the majority of nodes in a network suddenly become interconnected. This phenomenon
is particularly evident in networks where connections are not random but instead are
determined by specific threshold conditions. Therefore, percolation theory can effectively
assess changes in the resilience of highway networks under disturbances. However, there
are still some issues with the methods mentioned above:

(1) Highway travel demands are not classified. Highways are crucial for long-distance
transport, with transit traffic significantly impacting their performance. Current
methods for ranking segment importance fail to consider how changes in transit and
local traffic flow can impact the overall highway network.

(2) Existing percolation theory typically relies on a single indicator and lacks research on
phase transitions considering multiple indicators. As a result, existing approaches fail
to simulate percolation phase transitions based on the relative relationships between
transit traffic and local traffic flow.

Solving these problems requires extensive highway data, which can be obtained
from gantry records, including vehicle license plates and passage timestamps. This data
helps calculate traffic conditions and demands on highways. Clustering algorithms can
classify highway segments based on travel demands by grouping similar data records
based on shared characteristics [13–15]. There are various clustering methods in the
field of transport, such as connectivity-based clustering, center of mass-based clustering,
and density-based clustering algorithms. In traffic applications of clustering methods,
Song et al. [16] performed hierarchical clustering on 120,000 road sections in Beijing based
on factors like points of interest (POI), achieving successful geographical classification.
Kosanin et al. [17] analyzed urban traffic accident data using parameter-free clustering
to identify high-risk road sections. Deng et al. [18] investigated dependencies within
urban road networks, identifying and clustering failure-dependent clusters to enhance
network reliability. Similarly, Vivek et al. [19] developed an unsupervised machine-learning
algorithm based on density clustering. They quantified the risk and improved the stability
of urban road networks. In addition, Cogonit et al. [20] developed a traffic state taxonomy
by clustering similarity metrics to verify the spatial distribution characteristics of urban
traffic clusters. Clustering algorithms are widely used in transportation research and
applied to traffic pattern recognition, road segmentation, and traffic safety analysis. Based
on the origin and destination of travel on highway routes, clustering algorithms classify
the demand for travel.

This paper focuses on comparing transit traffic and in-city traffic using highway gantry
data. A local–transit percolation model is proposed by combining clustering algorithms,
which helps rank the importance of highway network segments at a hierarchical level.
Firstly, highway segments are clustered based on the ratio of transit flow to intrastate
traffic. This helps identify routes that primarily serve either transit or intrastate traffic.
Secondly, based on the clustering results, a percolation phase transition simulation is
performed on the motorway network. This simulation helps classify internal travel demand,
accurately assessing the impact of disturbances on both transit and internal traffic flow.
The implementation of a local–transit percolation phase transition improves the accuracy
of ranking road section importance.
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The remaining parts of the paper are structured as follows: Section 2 introduces the
specific theory of the proposed local–transit percolation and clustering-based method for
highway segment importance ranking, Section 3 takes some highways in Hebei Province,
China as an example for a case study, Section 4 discusses the effectiveness of the proposed
method and Section 5 provides a conclusion and outlook.

2. Methods
2.1. Methodological Framework

This section provides details about the proposed local–transit percolation and
clustering-based method for highway segment importance ranking. The methodologi-
cal framework comprises four main components: the data processing module, the link
clustering module, the percolation module, and the critical links ranking module. The
framework is illustrated in Figure 1.

Figure 1. Framework of the proposed local–transit percolation and clustering-based method for
highway segment importance ranking.

The data processing module primarily calculates each highway link’s transit and local
OD traffic flow based on gantry data, which is called OD classification. The link clustering
module categorizes links according to their external/internal OD traffic, distinguishing
links primarily serving transit versus local traffic. In the percolation simulation module,
a local–transit percolation simulation is performed using the transit and local OD traffic
flow of each segment. This approach identifies the failing segments during the percolation
phase transition, allowing for the initial ranking of critical links within the network. Finally,
the critical link ranking module integrates clustering results with percolation simulation
outputs to rank critical link importance.

2.2. Data Processing
2.2.1. Data Fields Description

Highway gantry data is utilized in the study. High-speed gantry ETC utilizes RFID
technology for automatic identification of passing vehicles, and is able to read the informa-
tion in the fields related to vehicle travel. It records vehicle details, such as license plate
number and vehicle type, as well as trip information like timestamp and location. Each
record represents a time trajectory point of a vehicle’s trip on the highway. Additionally,
geographic location data of gantries are used, including fields such as the city to which
the gantry belongs, name, and latitude and longitude coordinates. This data enables the
selection of specific gantries within the research area and links them to precise geographic
locations. The main data fields are presented in Table 1.
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2.2.2. Highway Network Modeling Based on Gantry Data

Traditional highway network modeling methods represent the highway network as
an undirected graph G = (V, E), where V represents the set of vertices in the network,
typically including highway toll stations and interchanges, and E denotes the edges. This
modeling approach requires processing extensive geographical information data, which is
time-intensive. Additionally, it does not account for the heterogeneity of traffic flows in
different directions on the same segment.

To address this limitation, the paper proposes a highway network modeling method
based on gantry data. When all segments V in the highway network G are equipped with
gantry detectors r, highway network modeling can be achieved by utilizing vehicle travel
trajectories between adjacent gantries. This approach allows for more detailed tracking of
traffic flow and travel patterns across the network G. Specifically, for any edge eu,v, the
travel time tu,v is determined by the average travel time of all vehicles crossing this edge
within the time period T. In this study, geographic data processing is not the primary focus.
Therefore, this method simplifies the modeling process and improves efficiency without the
need for complex geographic information processing, as shown in Algorithm 1. However,
in other application scenarios that require geographic information support, this method
may need to be combined with additional geographic data processing techniques.

Algorithm 1 Highway Network Modeling Method Based on Gantry Data

Input: Grantry records of vehicles
Output: Graph file G

//Step 1. Initialization
1: Create an empty directed graph G = (V, E).

//Step 2. Add vertices
2: for any gantry r do
3: Add vertex r to graph G : V = V

⋃{r}.
4: end for

//Step 3. Add edges
5: Group all data by license plate number and sort each group by timestamp in chronological order
6: for each license plate group do
7: Extract gantry information from each consecutive record pair (u, v):
8: if edge (u, v) does not exist in graph G then
9: Establish a directed edge (u, v), with direction from u to v. Initialize the edge’s average

travel time tu,v = 0 and the vehicle count qu,v = 0;
10: end if
11: if edge (u, v) does not exist in graph G then
12: pass;
13: end if
14: Calculate the travel time for this license plate between the two gantries by t′u,v;
15: Update the number of vehicles traveling between the two gantries by qu,v = qu,v + 1;
16: Update the average travel time for vehicles traveling between the two gantries by

tu,v = [(qu,v − 1)tu,v + t′u,v]/qu,v.
17: end for

//Step 4. Remove non-adjacent edges
18: for each edge eu,v in the graph G = (V, E) do
19: for each edge ev,x originating from vertex v do
20: if an edge eu,x exists in graph G then
21: Delete edge eu,x;
22: else
23: Continue;
24: end if
25: end for
26: end for
27: Output the network file G.
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Table 1. Example of gantry data.

Field Example

Trade ID G2*****01
Toll Gantry ID G2*****10

Trans Time 2023-07-07 00:00:00
Vehicle Plate H D****11

City Xingtai City
Gantry Name Yunhe West Toll Station—Hebei-Shandong Border 1

LAT 36.883127
LNG 115.702484

2.2.3. Traffic Classification Statistics for Highway Segments

The impact of disturbances on highway segment flows is analyzed. Vehicles are classi-
fied as transit or local trips based on their origin and destination. The origin and destination
of each trip are recorded by gantries. Local trips occur within the same city. Transit trips
span across city boundaries. The classification algorithm is detailed in Algorithm 2. This
process provides insights into the primary traffic-bearing functions of each segment. It also
forms the basis for ranking segment importance in further analysis.

Algorithm 2 Traffic Classification Algorithm for Highway Segment Flow

Input: Grantry records of vehicles
Output: Categorized traffic volume statistics

//Step 1. Determine OD classification for each vehicle
1: Group all data by license plate number and sort each group in chronological order:
2: for each license plate group do
3: Check the first and last records of the vehicle’s trip (i.e., the origin and destination gantries and

their respective cities)
4: if the origin and destination are within the same city then
5: Classify the vehicle as an local trip.
6: else
7: Classify the vehicle as an transit trip.
8: end if
9: end for

//Step 2. Traffic classification calculation for gantry
10: for each gantry do
11: Initialize counters for gantry transit traffic and local traffic.
12: for each vehicle passing through this gantry do
13: if the vehicle OD is classified as an local trip then
14: Increment the gantry transit traffic by 1.
15: else
16: Increment the gantry local traffic by 1.
17: end if
18: end for
19: end for

//Step 3. Traffic classification calculation for segments
20: for each segment in graph G do
21: The local and transit flow of a road segment are the averages of the local and transit flows from

the gantries at both ends of the segment.
22: end for

2.3. Segment Clustering Method Based on Traffic OD

Vehicles passing through each highway segment are recorded, and cumulative traffic
flow and proportions for the two types of traffic are calculated. A clustering analysis is
conducted for the segments with gantry-based trips. The k-means clustering method, a
widely used unsupervised learning algorithm, is applied to partition a set of unlabeled
data points into k clusters. The core idea is to iteratively assign data points to cluster
centers, minimizing the distance between each data point and its assigned centroid. The
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objective is to achieve high similarity among data points within clusters, while maximizing
the differences between points in different clusters. In the k-means clustering method,
the similarity between a data point x and a centroid µ is typically measured using the
Euclidean distance, defined as:

d(x, µ) =

√
m

∑
i=1

(xi − µi)2 (1)

where x = (x1, x2, . . . xm) is the feature vector of the data point, µ = (µ1, µ2, . . . µm) is the
feature vector of the centroid, and m is the dimensionality of the features.

In each iteration, k-means updates the position of the centroids. For each cluster Ci,
the new centroid µi is the mean of all data points in that cluster. The formula is:

µi =
1

|Ci| ∑
x∈Ci

x (2)

where µi is the centroid of the ith cluster, |Ci| is the number of data points in cluster Ci,
and x ∈ Ci represents data points belonging to cluster Ci. The core objective of k-means
clustering is to minimize the sum of squared errors within clusters. By iteratively updating
centroids and reassigning data points, the objective function is gradually reduced. The
objective function is defined as:

J =
k

∑
i=1

∑
x∈Ci

||x − µi||2 (3)

where k is the number of clusters, Ci is the ith cluster, and ∑x∈Ci
||x − µi||2 represents the

squared Euclidean distance between the data point x and the centroid, which is equal to
[d(x, µ)]2. The k-means algorithm is characterized by its simplicity, ease of implementation,
and high computational speed, making it well-suited for handling large-scale datasets. In
this study, highway segments are classified into two categories based on the OD locations of
traffic flows. Since k-means clustering requires the user to specify the number of clusters in
advance, the cluster count is set to k = 2. This classification of highway segments defines the
primary service areas for segment traffic, distinguishing between those primarily serving
local trips and those serving transit trips. It provides a rational basis for the hierarchical
resilience analysis of highway segments in subsequent research.

2.4. The Local–Transit Percolation and Clustering-Based Method

Percolation theory simulates the process of network degradation by removing edges
or vertices and is commonly used to analyze network connectivity. Percolation theory helps
analyze the impact on network traffic flow when certain highway segments or nodes fail
due to accidents, maintenance, natural disasters, or other causes.

Traditional percolation theory has a single percolation indicator. The size of the giant
component (GC) is usually used to measure network connectivity. When the percolation
threshold q reaches a certain value qc , the GC suddenly fragments into multiple smaller
clusters. At this point, the size of the second largest cluster (SLC) reaches its maximum,
leading to a significant decline in overall network connectivity. This abrupt phenomenon is
called the percolation phase transition, and qc is known as the critical percolation thresh-
old. Edges that fail at the percolation phase transition point qc significantly impact the
connectivity of the graph.

However, percolation theory with one percolation indicator is inadequate for sim-
ulating percolation process that consider both local and transit traffic flows. To address
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this limitation, we propose a local–transit percolation model, expanding the percolation
threshold to incorporate both local and transit flows. Unlike percolation theory with one
percolation indicator, the local–transit percolation process has multiple percolation phase
transition points. For a highway graph G with n vertices, where edge eij connects vertex
i and vertex j, each edge eij has local flow q1

ij and transit flow q2
ij. q1 and q2 are set to

define the percolation thresholds for vertex removal. In addition, q1 is the percolation
threshold for local traffic flow, and q2 represents the threshold for transit traffic flow. When
q1

ij ≥ q1 and q2
ij ≥ q2, the state of edge eij is as shown in Equation (4). For each pair (q1, q2),

segments whose local and transit flow is below the defined threshold will be removed.

ei j =

{
1, if q1

ij ≥ q1 and q2
ij ≥ q2

0, otherwise
(4)

Referring to the role of the SLC in the percolation phase transition, the local–transit
percolation simulation uses the size of the SLC corresponding to each percolation threshold
pair (q1, q2) as the primary criterion for ranking the importance of edges. A larger SLC
indicates a more significant decrease in highway network connectivity under this percola-
tion threshold pair. Edges that fail at this point are more critical to the highway network.
Each percolation phase transition point (q1, q2) corresponds to a set of failed edges W at
this threshold, as shown in Equation (5).

W =
⋃
I
{eij|q1

ij ∈ (qI
c1 − ∆q1, qI

c1], q2
ij ∈ (qI

c2 − ∆q2, qI
c2]} (5)

where I the percolation phase transition, q1
ij indicates the local flow on segment eij, q2

ij

represents the transit flow on segment eij, qI
c1 is the critical percolation threshold for local

flow under I, qI
c2 is the critical percolation threshold for transit flow under I, and ∆q1 is the

unit interval of the local percolation threshold, which is the smallest unit of change in local
travel. Furthermore, ∆q2 is the unit interval of the transit percolation threshold, which is
the smallest unit of change in transit travel.

Through the local–transit percolation approach detailed above, we can rank the ob-
tained set W based on the size of the SLC corresponding to each critical percolation thresh-
old pair (q1, q2). Next, the importance of highway segments within the edge set W, under
the same SLC, are ranked. Based on the clustering results of local and transit travel flows
across all segments eij, the segments are categorized into those primarily serving local
travel and those primarily serving transit travel. Consequently, the clustering results divide
the percolation threshold surface into two regions: the local travel percolation zone Z1 and
the transit-priority percolation zone Z2. If the percolation threshold pair (q1, q2) falls within
Z1, this indicates that the segments under this threshold are mainly dedicated to local travel
flow. In this case, the magnitude of local flow q1

ij serves as the secondary ranking criterion
for sorting the edges in set W. Similarly, when the percolation threshold pair (q1, q2) is
within Z2, the magnitude of transit flow q2

ij is used as the secondary ranking criterion for
the same set.

In summary, the algorithm for importance ranking of road segments is as shown in
Algorithm 3. This algorithm enables automatic importance ranking of highway segments
based on gantry records, which can assist management in organizing road segments more
efficiently. First, the edges in W are filtered according to the critical thresholds of local and
transit flows; then, the importance weights of each edge at the percolation point for network
connectivity are computed, and the edges are ranked accordingly. The set W is then divided
into two priority intervals: Z1 for local travel and Z2 for transit flow. When the percolation
threshold pair (q1, q2) falls within Z1, q1

ij is used for secondary sorting; when it falls within
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Z2, q2
ij is used. The final output is the set of edges W ordered according to both primary

and secondary criteria, identifying critical road sections for different flow conditions.

Algorithm 3 The Highway Segment Importance Ranking Algorithm by Local–Transit
Percolation and Clustering-Based Method

Input: W(set of edge), q1
ij(the magnitude of local flow), q2

ij(the magnitude of transit flow), (q1, q2)

(the percolation threshold pair)
Output: sorted W

// Step 1. Classify edges in W into two categories
1: Category 1: Edges primarily serving local traffic;
2: Category 2: Edges primarily serving transit traffic;

// Step 2. Determine the region for the threshold pair (q1, q2)
3: if (q1, q2) is in Z1 (local-priority percolation zone) then
4: Set secondary sorting criterion to local traffic flow size q1

ij;
5: else if (q1, q2) is in Z2 (transit-priority percolation zone) then
6: Set secondary sorting criterion to transit traffic flow size q2

ij;
7: end if

// Step 3. Initialize an empty list sorted W to store the sorted edges
8: for edge eij in W do
9: Calculate the importance score for eij based on the secondary sorting criterion;

10: Insert eij into sorted W in descending order of importance score;
11: return sorted W.
12: end for

3. Case Study
3.1. Data Set

The data set consists of travel records from highway gantries in Hebei Province. It
covers the period from 1 July to 7 July 2023, with an average of approximately 20 million
records per day. The scope of this research includes four cities in Hebei Province: Shiji-
azhuang, Hengshui, Xingtai, and Handan, covering 437 gantries. Data preprocessing and
cleaning are conducted. Each vehicle has a unique TRADE ID and license plate number. Us-
ing the TRADE ID and license plate, the spatiotemporal locations of vehicles are extracted.
For the time field, the travel time records of the same vehicle are detected, and the time
outliers that deviate significantly from normal driving characteristics are identified and
eliminated as time error records. Finally, outliers and null values are cleaned. After data
filtering, the average daily travel data in the case area is approximately five million records.

Based on the highway network modeling method in Section 2.2.2, a directed graph
network of the study area is established, as shown in Figure 2.

Figure 2. Directed graph of the study area.
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In addition, some global topological metrics of the network, including the number of
nodes, edges, and the average shortest path length, are shown in Table 2. Table 3 provides
a detailed statistical analysis of the clustering coefficient, in-degree, and out-degree of the
nodes. The average clustering coefficient of the study network is 0.004, and the average
degree is 1.482, indicating that the network is relatively sparse. The majority of nodes are
disconnected neighborhoods (clustering coefficient = 0), though a small subset of nodes may
belong to locally dense regions (maximal clustering coefficient = 0.167). The distributions of
in-degree and out-degree are relatively uniform, with low standard deviations, suggesting
the absence of prominent hub nodes. The degree distribution is concentrated, with most
nodes having degrees in (1,2).

Table 2. Vertices, Edges, and Average Shortest Path of Network.

Metric Value

Average Shortest Path 175
Number of Edges 649

Number of Vertices 438

Table 3. Cluster Coefficient and Node Degree of Network.

Clustering
Coefficient In-Degree Out-Degree

mean 0.004 1.482 1.482
std 0.020 1.157 1.143
min 0.000 0.000 0.000

mean of top 25% 0.000 1.000 1.000
mean of top 50% 0.000 1.000 1.000
mean of top 75% 0.000 2.000 2.000

max 0.167 9.000 9.000

3.2. Classification Statistics of Highway Segment Flow

Using the method described in Section 2.2.3, highway segment flow based on 7-day
gantry flow data was classified. The daily average was calculated to obtain the segment flow
classification statistics for the study area. Figure 3 presents an example of the results, where
VOLUME0 denotes local travel volume, and VOLUME1 represents transit travel volume.

Figure 3. Gantry flow statistics in study area.
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3.3. Clustering and Classification of Highway Gantries

Based on the gantry records, k-means clustering on the gantries was performed ac-
cording to the method in Section 2.3, using the local and transit traffic flow of each segment
as input. According to the classification of gantry traffic and traffic size characteristics, the
number of clusters k = 4 is set first, and the results are shown in Figure 4a. As can be seen
from the figure, the road segments in the upper left corner of the yellow and the lower
right corner of the purple area mainly serve transit and local trips, respectively. However,
the blue and green areas of the road segments are not obvious in the service classification,
which can be classified as mainly carrying high-traffic segments and low-traffic segments.
In order to further distinguish the main service traffic type of each road segment, the
number of clusters is set k = 2. The clustering results are shown in Figure 4b, and the
gantry locations are visualized in Figure 4c. In this case, the purple shaded area shows the
roadways that mainly serves local trips, and yellow shaded area shows the roadways that
mainly serves transit trips.

(a) Clustering Results when k = 4 (b) Clustering Results when k = 2

(c) Gantry Locations

Figure 4. Gantry Clustering Results.

In Figure 4b, the cluster centroids of local travel transit travel flow and are (3669, 4051)
and (5768, 15,195), respectively. The boundary line between the two clusters in the figure is:

VOLUME1 = −0.2VOLUME0 + 10520 (6)

The results show that on gantry segments primarily serving local travel, half of the
traffic flow is still transit travel. This is due to the characteristic of highways primarily
serving long-distance travel.
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3.4. Percolation Simulation and Segments Importance Ranking

Based on the volumes of transit flow and local travel flow on highway network
segments, a local–transit percolation simulation of the highway network was conducted.
The unit percolation threshold intervals were set as ∆q1 = ∆q2 = 1/100. The changes in
the size of the giant component under different (q1, q2) values are shown in Figure 5.

(a) (b)

(c) (d)

Figure 5. Variations in GC and SLC in Local–Transit Percolation Simulation. (a) 3D Plot of GC Size
Variation. (b) 3D Plot of SLC Size Variation. (c) Plane Plot of GC Size Variation. (d) Plane Plot of SLC
Size Variation.

As Figure 5 shows, as q1 and q2 increase, the size of the GC decreases while the size of
the SLC increases. When the size of the SLC reaches its maximum, the giant component
size decreases rapidly, indicating a percolation phase transition. The results show that
when the critical percolation thresholds qc1 and qc2 are 4889 and 10,379, respectively, the
size of the SLC in the network reaches its maximum of 44.

According to the importance ranking method described in Section 2.4, primary ranking
of the segments was performed based on the size of the SLC under each percolation
threshold. Then, based on the clustering results in Figure 4, secondary ranking of the
segments was performed under the same second largest cluster, obtaining the importance
ranking results of highway segments, as shown in Figure 6. In addition, as shown in
Figure 7, the percolation threshold pairs are sorted by the size of SLC and the number of
failed segments of W corresponding to that SLC is counted. Furthermore, the horizontal
coordinate is the rank of segments by SLC size. It can be observed that when the size of the
SLC is larger, a greater number of edges are removed during the corresponding percolation
phase transition, which will accelerate the collapse of the network.
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Figure 6. Results of Highway Importance Ranking.

Figure 7. Number of Failure Edges and Size of the SLC.

4. Result and Discussion
4.1. Results

This paper proposes a local–transit percolation and clustering-based method to rank
highway segment importance. To evaluate the effectiveness of the proposed method, a
control experiment was conducted. Common methods for importance ranking, such as
those based on edge betweenness centrality and weighted shortest paths, were used as
baselines for comparison. The weighted shortest paths focus on the absolute frequency of
edges used in the shortest paths. Furthermore, edge betweenness centrality calculates the
proportion of shortest paths between all pairs of nodes that pass through that particular
edge. Importance rankings were generated separately for the proposed method and
the baselines, and all the segments were sequentially removed. The overlap of the top
100 edges ranked by the three strategies were calculated, as shown in Figure 8. A large
overlap suggests that the three strategies produced similar results in terms of ranking the
importance of edges. There are 22 edges that are ranked highly across all three strategies;
thus, these edges are crucial for the connectivity and functionality of the network.
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Figure 8. Overlap of the Top 100 Edges Ranked by the Three Strategies.

A comparative analysis was performed to evaluate the effects of three path removal
strategies, utilizing five key indicators: local traffic, transit traffic, demand impedance ratio,
the size of the giant component, and the sum of the inverse travel times. The size of the
GC is commonly employed to assess the overall connectivity of a network, while the sum
of the inverse travel times quantifies the connectivity between nodes by aggregating the
inverse travel times for all origin–destination pairs. The demand impedance ratio is defined
as the ratio of travel demand to travel impedance for each OD pair, which is shown in
Equation (7). It evaluates the level of service and efficiency of the network.

E =
1

nw
∑

w∈W

dw

λw
(7)

where nw is the number of OD pairs in the network set W, dw is the travel demand of OD
pair W, λw is the travel impedance of OD pair W.

As edges were progressively removed, the changes in local flow and transit flow for
each method were as shown in Figure 9a,b, respectively. Figure 9a shows that the local flow
decreased the most under our proposed segment importance ranking method compared
to the baselines. This suggests that the method is more sensitive to disruptions in key
segments that have higher importance, leading to a more substantial impact on localized
traffic. Compared to local flow in Figure 9a, transit flow in Figure 9b decreases faster under
our proposed method. This can be attributed to the difference in path selectivity between the
two types of flows. Local flow typically has multiple alternative paths available between
vertices, which provides resilience to disruptions caused by the removal of individual
segments. In contrast, transit flow often relies on a smaller set of critical paths to maintain
connectivity across the network. As a result, disruptions to these critical segments have a
more evident impact on transit flow, leading to its faster reduction compared to local flow.

Furthermore, the impacts of these removals were analyzed using three indicators: the
size of the giant component (GC), the network demand impedance ratio, and the reciprocal
sum of travel time. The size of the GC reflects the overall connectivity of the network. The
network demand impedance ratio, calculated as the total flow divided by the travel time
for all OD pairs and then averaged, represents the network’s efficiency under disruptions.
As shown in Figure 9c, when the top 50 segments ranked by importance are sequentially
removed, the size of the GC decreases the most under the proposed method compared
to the baselines. A smaller GC size indicates weaker network connectivity, suggesting
that the removal of segments identified by our method has a more substantial impact on
the highway network’s connectivity. Additionally, the network demand impedance ratio
decreases the most across all removed segments, as illustrated in Figure 9d. Furthermore,
Figure 9e illustrates the curve of the standard deviation of the demand impedance ratio as
segments are removed. A smaller standard deviation indicates fewer highway segments
with a high demand impedance ratio. The figure demonstrates that our method results
in a lower standard deviation as the top 300 highway segments are removed, suggesting
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that our approach efficiently identifies segments with a high demand impedance ratio.
In addition, as shown in Figure 9f, when the top 100 segments ranked by importance
are sequentially removed, the reciprocal sum of travel time decreases rapidly under the
proposed method compared to the baseline methods, indicating that these segments have a
significant impact on travel time. Overall, these results highlight the superior performance
of the proposed method in capturing the true importance of segments within the network
structure compared to the baselines.

(a) (b)

(c) (d)

(e) (f)

Figure 9. Results of the Control Experiment. (a) Variation in Local Traffic Flow. (b) Variation in Transit
Traffic Flow. (c) Variation in the Size of the GC. (d) Variation in the Network Demand Impedance ratio.
(e) Variation in the Standard Deviation of the Demand Impedance Ratio. (f) Variation in Reciprocal
Sum of Travel Time.
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4.2. Discussion

In this study, we proposed a method for ranking the importance of road segments
based on highway gantry data. The results demonstrate that our method is effective and
advanced in ranking road segment importance. However, it is important to note that the
method heavily relies on the accuracy and completeness of the highway gantry records,
which may be influenced by various factors, introducing uncertainty into the model.

The quality of gantry monitoring data can be affected by several factors, including
the accuracy of the equipment, weather conditions, and fluctuations in traffic flow. These
factors may introduce noise or errors into the data, affecting the stability and accuracy of
the model. To investigate the impact of this uncertainty, we designed experiments in which
Gaussian noise was added to the transit and local flow data of the road segments. The
formula for adding noise is as Equation (8).

qnoisy
i = qoriginal

i +N (0, σ2
qoriginal

i
· α)) (8)

where N (0, σ2) represents Gaussian noise with a mean of 0 and variance σ2. The noise
factor α was set to 0, 0.15, 0.30, and 0.45. We then ranked the importance of road segments
using our proposed method, as well as two common baseline methods: edge betweenness
centrality and weighted shortest paths. Subsequently, we removed road segments in order
of their importance and compared the changes in the size of the GC in the network, as
shown in Figure 10.

Figure 10. Results of Highway Importance Ranking under Uncertainty.

Figure 10 shows that for the top 50 important road segments, when the noise factor
α < 0.30, our method consistently leads to the fastest decline in the GC. This suggests
that despite the presence of noise in the gantry data, our method retains a high level of
robustness. In particular, when the noise level is relatively low, our method outperforms the
baseline methods, demonstrating its strong adaptability and stability in complex networks.

However, it is worth noting that when the noise level is high (α > 0.30), the per-
formance of our methods is significantly affected, indicating that under extreme data
uncertainty, the performance of current methods may not meet expectations. Therefore,
future research could further optimize the model to increase its tolerance to data noise or
incorporate data cleaning techniques to minimize the impact of noise on the results.
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5. Conclusions
Highways are important transportation modes for medium- and long-distance travel,

accommodating both transit and local travel demands. They are susceptible to disturbances
such as natural disasters, which can affect network efficiency. After such disturbances,
limited resources should be preferentially allocated to segments that have a greater impact
on network travel and are of higher importance. Therefore, based on highway gantry
records, this paper proposes an importance ranking method for highway segments using
local–transit percolation and clustering-based method. The main work and conclusions are
as follows:

1. Highway network modeling based on gantry data: A highway network model was
constructed by graph theory utilizing vehicle travel trajectories recorded by gantries.
This approach overcomes the shortcomings of traditional methods in processing
geographic information data and improves network modeling efficiency.

2. Classification of segment travel demand: The travel demands on each segment were
statistically analyzed. Based on the transit and local travel flows carried by the
segments, the k-means algorithm was used to cluster the segments, identifying the
main travel demand categories served by each segment.

3. Local–transit percolation simulation: A local–transit percolation theory was proposed
and simulations based on the classification results of segment travel flows were
performed. A percolation phase transition occurs when the size of the SLC suddenly
increases. The size of the SLC corresponding to each percolation threshold was used
for primary ranking of the segments. Based on the clustering results, secondary
ranking was performed for segments under the same SLC, resulting in the final
importance ranking.

4. Case study and uncertainty analysis: A case study was conducted on the highway
network within four prefecture-level cities in Hebei Province, China, obtaining impor-
tance ranking results. A control experiment was designed to compare the performance
changes of the network under different segment removal strategies. Segments with
high importance were gradually removed using our method and compared to tradi-
tional methods based on edge betweenness centrality and weighted shortest paths.
Results show that our method has a greater impact on the overall travel demand
fulfillment and network connectivity after the failure of highly important segments. In
addition, uncertainty analysis was conducted by adding Gaussian noise to the segment
flow data. Results show that when noise factor α < 0.30, removing the top 50 ranked
highway segments by our method can still make the highway network collapse faster
than the baseline method. The control experiment and uncertainty analysis validate
the advancement and robustness of the proposed importance ranking method.

However, this paper still has limitations. The study area is divided into transit and
local vehicles based on administrative boundaries, without considering the zoning formed
by traffic flow characteristics. In addition, there are still many events that could impact
on the highway functional performance apart from the vehicle travel types, such as traffic
accidents, extreme weather, and road maintenance. In the future, we will focus on segment
importance based on travel characteristics and optimize the analysis considering specific
traffic events.
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17. Košanin, I.; Gnjatović, M.; Maček, N.; Joksimović, D. A clustering-based approach to detecting critical traffic road segments in
urban areas. Axioms 2023, 12, 509. [CrossRef]

18. Deng, Y.; Liu, S.; Zhou, D. Dependency cluster analysis of urban road network based on percolation. Transp. Res. Part C Emerg.
Technol. 2023, 154, 104264. [CrossRef]

19. Vivek, S.; Conner, H. Urban road network vulnerability and resilience to large-scale attacks. Saf. Sci. 2022, 147, 105575. [CrossRef]
20. Cogoni, M.; Busonera, G. Stability of traffic breakup patterns in urban networks. Phys. Rev. E 2021, 104, L012301. [CrossRef]

[PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://doi.org/10.1007/s11067-006-9284-9
http://dx.doi.org/10.1016/j.trc.2024.104490
http://dx.doi.org/10.1109/TITS.2017.2700080
http://dx.doi.org/10.1016/j.ress.2021.107458
http://dx.doi.org/10.1016/j.cstp.2019.07.006
http://dx.doi.org/10.1016/j.tre.2023.103022
http://dx.doi.org/10.1016/j.physa.2024.129639
http://dx.doi.org/10.1016/j.cja.2019.09.020
http://dx.doi.org/10.1109/TITS.2021.3122459
http://dx.doi.org/10.1016/j.cnsns.2020.105492
http://dx.doi.org/10.1103/PhysRevE.100.020301
http://www.ncbi.nlm.nih.gov/pubmed/31574739
http://dx.doi.org/10.1016/j.physa.2016.01.001
http://dx.doi.org/10.3390/systems12080282
http://dx.doi.org/10.1109/TITS.2020.2995856
http://dx.doi.org/10.1109/TITS.2020.3008884
http://dx.doi.org/10.3390/axioms12060509
http://dx.doi.org/10.1016/j.trc.2023.104264
http://dx.doi.org/10.1016/j.ssci.2021.105575
http://dx.doi.org/10.1103/PhysRevE.104.L012301
http://www.ncbi.nlm.nih.gov/pubmed/34412199

	Introduction
	Methods
	Methodological Framework
	Data Processing
	Data Fields Description
	Highway Network Modeling Based on Gantry Data
	Traffic Classification Statistics for Highway Segments

	Segment Clustering Method Based on Traffic OD
	The Local–Transit Percolation and Clustering-Based Method 

	Case Study
	Data Set
	Classification Statistics of Highway Segment Flow
	Clustering and Classification of Highway Gantries
	Percolation Simulation and Segments Importance Ranking

	Result and Discussion
	Results
	Discussion

	Conclusions
	References

