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Abstract: Data mining techniques support numerous applications of intelligent transportation systems 
(ITSs). This paper critically reviews various data mining techniques for achieving trip planning in ITSs. The 
literature review starts with the discussion on the contributions of descriptive and predictive mining tech-
niques in ITSs, and later continues on the contributions of the clustering techniques. Being the largely used 
approach, the use of cluster analysis in ITSs is assessed. However, big data analysis is risky with clustering 
methods. Thus, evolutionary computational algorithms are used for data mining. Though unsupervised clus-
tering models are widely used, drawbacks such as selection of optimal number of clustering points, defining 
termination criterion, and lack of objective function also occur. Eventually, various drawbacks of evolution-
ary computational algorithm are also addressed in this paper.
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1  Introduction
In intelligent transportation systems (ITSs), developing a travel demand model is crucial [11, 13, 54, 55]. It not 
only facilitates transportation but also reduces greenhouse gas emissions [19]. Few examples include soft 
transport policy measures [6, 17] and the prediction of spatial and temporal emissions [19]. The traditional 
trip-based approach to study the travel demand fails due to its insensitivity toward the changing transporta-
tion policies and expanding infrastructures and services. Despite the fact that the activity-based approaches 
can handle insensitivity issues [41], the persisting uncertainty among the transportation systems poses great 
challenge [64].

Data mining approaches, especially clustering algorithms, can handle such uncertainties effectively [46, 
61, 62]. As the effectiveness of data mining relies on data acquisition and exploration [35], the contributions 
are diverse. They range from constructing knowledge from the acquired transportation information [36], 
mining information [29], predicting [10], and planning transportation services as well as infrastructures [14, 
53]. Hence, clustering methods support both the modeling and prediction of the characteristics of transporta-
tion [8].

This paper presents an extensive review on various data mining as well as clustering methods that model, 
predict, and plan transportation systems to facilitate ITSs. Around 50 research articles from the last decade 
were collected from the leading journals and reviewed in three stages (Figure 1). Firstly, the contributions that 
pertain to the ITS were reviewed chronologically. Secondly, the data mining approaches, involving predictive 
and descriptive concepts for managing transportation, were reviewed based on the adopted methodologies. 
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In the third stage, the clustering models were categorized as supervised or unsupervised, and reviewed based 
on their usefulness over transportation data analysis. Eventually, the paper discusses our findings from the 
review and summarizes the research gaps and future directions of research.

2  Review of Transportation Management System

2.1  Chronological Review

In 2007, Jarasuniene [27] focused on ITS-enabling technologies to study the involvement of transport profes-
sionals in human factor experts at the starting phase of ITS equipment design. Huang et al. [24] proposed 
a new search approach with its heuristics based on the changes of the A* algorithm-Lifelong Planning A*. 
An ellipse has pruned the unnecessary nodes from being scanned. Liang et al. [40] developed a real-time 
approach to detect the cognitive distraction by using driving performance data and the driver’s eye move-
ments. Xia and Chen [60] used the data clustering methodology to study the characteristics of traffic flow and 
to analyze the basic relationships among the traffic parameters.

In 2009, Byon et al. [9] developed a novel method to gather information of the travelers’ transportation 
modes in both the peak and the non-peak periods by tracking the Global Positioning System (GPS)-equipped 
mobile devices in the traffic hub. Crainic et al. [12] improved the final performance of freight ITS using a better 
operations research-based decision-support software system. Andreas et al. [2] studied the use of mobile-
aided positioning approaches in GSM networks by a traffic congestion estimation service. The means of 
accuracy improvement in the known cellular positioning techniques has been found to launch a new traffic 
congestion estimation service application. Lee et al. [35] created a knowledge-dependent travel time predic-
tion system that works in real time with data mining schemes to support the urban network. The two predic-
tors’ dynamic weight combination using meta-rules has enhanced the precision of predicting the travel time.

In 2010, Jacob and Abdulhai [26] mitigated non-recurring and recurring congestion with an adaptive 
integrated freeway-arterial corridor control that is capable of self-learning. Lee et al. [36] proposed a joint 
structure for accumulating, fusing, as well as sharing traffic data in real time. It involved the user-centric 
traffic event reacting methodology and automatic agent-centric traffic information aggregating scheme. 
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Figure 1: Statistical Report of Research Articles.
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Integration of two types of traffic data sources, namely heterogeneous external real-time traffic information 
data sources and internal historical traffic information database, allowed the real-time traffic status to be 
envisaged through a scheme of knowledge-based system. Jiancheng et al. [29] determined the data processing 
flow through analyzing the charge transaction data of the electronic toll collection (ETC) data of Beijing City. 
Data processing techniques, together with index extraction techniques, were employed to extract the infor-
mation supporting freeway operation and management. Brett and Roe [8] examined the clustering potential 
of the maritime transport sector in the Greater Dublin Region. Trullols et al. [53] developed a well-planned 
roadside infrastructure to distribute information in large-scale ITSs.

In 2011, Zhang et al. [66] conducted a survey on the development of the data-driven ITS (D2ITS), along 
with the functionality of all components and deployment issues. Jiang et al. [30] developed a model called 
the dynamic traffic assignment, for a continuum transportation system, to examine the characteristic traffic 
flow and the corresponding route choice behavior of travelers. Agamennoni et al. [1] deployed an unsuper-
vised segmentation approach to sample the roads for inferring the topology of the network. The processing 
of logs of position traces to yield a representation of the road network has been accomplished with machine 
learning approaches. Lee et al. [37] developed a three-phase spatiotemporal traffic bottleneck mining (STBM) 
model involving numerous spatiotemporal traffic patterns, in addition to the STBM algorithms to discover 
the traffic bottlenecks associated with the urban network. Huang et al. [25] proposed a real-time intelligent 
statistical method to discriminate the driving condition of hybrid electric vehicles automatically.

Karlaftis and Vlahogianni [32] used neural networks and statistical methods to study the similarities and 
differences in transportation research. Faouzi et al. [15] investigated the use of data fusion in ITSs.

In 2012, Bhuyan and Rao [7] classified urban streets to form a wide range of classes, in addition to defining 
the ranges of speed concerned with the service level categories in Indian perspective. Zhu et al. [69] calibrated 
the traffic simulation model based on the data mining technique, which yields the vehicle’s speed. A new 
weighted regression method relying on agglomerative hierarchical cluster was also proposed. Wolfson et al. 
[59] developed a transportation query language (TranQuyl) for managing big data in ITSs. Jia and Yindong 
[28] scheduled and simulated the trip times based on automatic vehicle location (AVL) data. Caicedo et al. 
[10] predicted the parking space availability in real-time intelligent parking reservation systems using three 
subroutines. Fries et al. [16] examined the privacy challenges that are to be tackled while advancing the ITSs.

In 2013, Kompil and Celik [33] developed a trip distribution model. Kumar et al. [34] predicted the short-
term traffic flow in heterogeneous conditions using artificial neural network and historical data from the 
Internet. Roman et al. [51] followed the service oriented architecture (SOA) and reference model of open dis-
tributed processing (RM-ODP) principles to design and develop an ITS architecture. Hu et al. [23] put forth a 
bi-level programming model of passenger transport network capacity to maximize the road network capac-
ity. Yuwei and Pengfei [65] modified the neo-classical model that describes the regional economic growth in 
urban clusters using new economic geography theory and the tools aiding network testing. Weber et al. [57] 
suggested a novel system to analyze the conditions, determinants, and instruments that manage ServPPINs.

In 2014, Arabzad et al. [3] solved the multi-objective location-inventory problem concerned with a dis-
tribution network involving various third-party logistics (3PL) providers and transportation modes using an 
evolutionary algorithm. Zhang et al. [67] developed a hierarchical fuzzy rule-based system, which the genetic 
algorithms have optimized for envisaging the traffic congestion. He et al. [21] developed a novel vehicular data 
cloud service that is recommended for an Internet-of-Things (IoT) environment. An intelligent parking cloud 
service, along with the vehicular data mining cloud service, allowed the examination of vehicle warranty 
within an IoT environment. Ona et al. [47] diminished the heterogeneous opinions of public transport pas-
sengers through the clustering approach and service quality evaluation. Nahar and Sultana [44] developed 
a dynamic model that allows predicting the travel time, in case of the road networks, using artificial neural 
networks. Hsu et al. [22] developed a sequential pattern mining model-assisted eco-driving and cloud-based 
framework to lower the discharge of carbon dioxide and the intake of fuel in a sustainable ITS. Park et al. [48] 
used data mining strategies for real-time control of traffic in New York City. Li and Chen [38] envisaged travel 
time in a freeway, where non-recurrent congestion occurs. Arokhlo et al. [4] developed a new model for route 
planning that relies on Q-value-dependent dynamic programming to route vehicles among Malaysian cities.
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Asif et al. [5] studied the spatiotemporal patterns, which have a lead role in the learning approaches that 
aid in predicting the speed of large-scale traffic. Large-scale prediction of road network and multiple predic-
tion horizons with a support vector regression-based algorithm was also studied. He et al. [20] proposed an 
intelligent carpool routing scheme that mines the GPS trajectories to enable urban ride sharing. The eventual 
desire was to curtail the riding distance, lessen the expense associated with transportation, and to be free 
from urban traffic jams. Zheng and Wang [68] put forth an optimized scheme of frequent sets calculation, 
where the parallel NEclat and the cloud programming model work in unison. Malecki et al. [42] examined 
ITSs to reduce the environmental negative impact of urban freight transport in Szczecin. Monteiro et al. [43] 
structured an agent-based model to analyze the multimodal transportation network. Kannan et al. [31] devel-
oped the artificial immune system and sheep flock algorithms to produce solutions, whenever the two-stage 
fixed-charge transportation problem arises. Guo and Hall [18] designed a methodology for national freight 
origin-destination data to model the transportation in continental United States. Yangfan et al. [63] evaluated 
the traffic congestion mitigation in Beijing with variable message signs.

In 2015, Nezerenko et  al. [46] organized the transportation of the Baltic Sea region using the cluster 
approach. Wibisono et al. [58] deployed the Fast Incremental Model Trees-Drift Detection (FIMT-DD) for the 
purpose of predicting the traffic big data visualization. Zonga and Wang [70] inspected three intertwining 
parking decisions, namely parking period, parking location, and parking duration, through the use of a 
Bayesian network. Wang et al. [56] predicted the personalized routes through employing the machine learn-
ing techniques to construct an effective probability transition matrix from big data. Two data reduction algo-
rithms were also developed. Shi and Aty [52] examined the viability of a proactive real-time traffic monitoring 
strategy to assess its operation and safety. Pereira et al. [50] predicted public transport arrivals under special 
vents scenarios using web data. Pei et al. [49] proposed a density-based method to spot the two-component 
clusters. Necula [45] used R software (R & R of the Statistics Department of the University of Auckland, Auck-
land, New Zealand) with a set of libraries to analyze the traffic patterns on street segments with the extracted 
GPS data. Li et al. [39] examined data mining in a big data network, as well as the associated applications to 
predict the flow of traffic. Robust causal dependence mining of data was done. To carry out the regression as 
well as the causality analysis of the big data, a multiple-step strategy was introduced.

3  Trip Planning Using Data Mining Approaches

3.1  Descriptive Mining for Trip Planning

Ona et al. [47] employed latent class clustering to find the group of passengers with common perceptions 
about the quality of service, and discovered the variables that the passengers use to assess service quality. 
Zonga and Wang [70] developed a Bayesian network to examine parking choices like parking location, 
parking duration, and parking period, in addition to their effects, to develop measures that regulate the 
parking behavior in Beijing. Zheng and Wang [68] examined road transport management based on pruning 
Eclat algorithm, and MapReduce was used to analyze the demerits of the customary association rule mining 
approach. NEclat combined with cloud programming performed optimization to compute the measures.

Lee et al. [36] researched the generation of real-time information system, which relies on the user-cen-
tric traffic event reacting technique as well as the automatic agent-centric traffic information aggregating 
approach, and shared the framework that integrates the external and internal real-time dates for the ITS. 
The traffic information system method generated the traffic information. Jiancheng et al. [29] analyzed the 
charge transaction data of electronic toll collection system, which belong to Beijing City, to develop the 
model for travel speed computation in a freeway. By using the statistical analysis approach, they devel-
oped a travel speed calculation model. Kompil and Celik [33] found the latent abilities that the fuzzy and 
genetic fuzzy system approaches impart in modeling the urban trip distribution of Istanbul, and designed 
a new genetic fuzzy rule-based system and simple fuzzy rule-based system through the application of the 
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Levenberg-Karguardt learning algorithm. He et  al. [20] reduced the riding distances, transportation costs, 
and traffic jams in Beijing by developing a performance metric that is based on mining GPS data from shared 
riders of carpools, using a route-mining algorithm, rider selection, and route merging. Necula [45] identified 
the traffic patterns on the GPS-enabled data using R software, and determined whether the data are sufficient 
to draw inference about the traffic patterns. They applied K-means clustering, temporal mining, and spatial 
mining to predict the traffic pattern.

3.2  Predictive Mining for Trip Planning

Jiancheng et al. [29] analyzed the charge transaction data, which are concerned with the electronic toll collection 
system in Beijing City, to create the model for travel speed computation in a freeway using the statistical analysis 
approach. Agamennoni et al. [1] developed an unsupervised segmentation approach that enables roads to be 
sampled to infer the network topology. The road network details were obtained from the vehicle’s path, and 
hidden Markov model produced the transition matrix. Jiang et al. [30] developed a predictive continuum dynamic 
user-optimal model and inspected the dynamic flow characteristics and the route choice of travelers in an urban 
road. Finite volume, finite element, and the Runge-Kutta time stepping method were used to develop the model. 
Lee et al. [37] found the traffic bottlenecks by using the spatiotemporal mining method and implemented this 
system in relation to the taxi dispatching system of urban networks like Taipei and Taiwan. The spatial heuristic 
clustering method aided the traffic bottleneck identification. Kumar et al. [34] predicted the short-term traffic 
flow in heterogeneous conditions using the artificial neural network, and analyzed the sensitivity of the best 
neural network. Artificial neural network simulated the system’s structural and functional aspects. The relation-
ship between the input and the output variables was obtained using sensitivity analysis. For evaluation of the 
predicted model, they used the coefficient of correlation and root mean square error measures.

Arabzad et al. [3] developed an optimization algorithm with multiple objectives to solve the multi-objec-
tive location inventory problem, in which a distribution center network that is constituted of various third-
party logistic providers as well as transportation mode suffers. The non-dominated sorting genetic model 
was applied to perform high-quality searching. Evaluation was done using quality metric, spacing metric, 
and diversity metric. The developed algorithm promoted the decision-making process. Zhang et  al. [67] 
developed a hierarchical fuzzy rule-based system, in which the genetic algorithm performed optimization, 
to predict a system using big data to yield traffic congestion information with high robustness and accuracy. 
In addition, the outcomes from the representative algorithm were also compared with those obtained with 
it. The fuzzy rule-based system was developed using fuzzy AdaBoost, fuzzy LogitBoost, fuzzy Chi-RW, and 
GHFRBS. Nahar and Sultana [44] developed a dynamic model for estimating the time of travel to support the 
road networks. They compared their method with a link-dependent prediction model and time-varying coef-
ficient linear regression model using the magnitude of the relative error. The results showed that the artificial 
neural network serves better in analyzing and predicting the traffic data.

Asif et al. [5] developed a model that predicts large interconnected road networks by using a support 
vector regression-based algorithm, and studied the effectiveness of the developed performance analysis 
methods. The support vector regression method predicted traffic with high accuracy, and mean absolute 
percentage error was the used prediction error measure. Wibisono et al. [58] predicted the traffic condition 
in UK road transportation through the FIMT-DD method, and visualized the traffic flow predicted model 
within the sensor point that was generated after the real map simulation. The FIMT-DD algorithm functioned 
perfectly in all the incremental learning of regression fields, and the traffic prediction error was obtained 
using the mean absolute error. Wang et al. [56] suggested a machine learning algorithm for modeling route 
prediction using a Markov chain model. Additionally, an algorithm that relies on the probability transition 
matrix to produce two data reduction algorithms was presented, and its aim was to predict the routes. The 
two data reduction processes serve two purposes: (i) to perform a mapping between the massive GPS data 
and a compact link-based system and (ii) to diminish the size concerned with a probability transition matrix. 
Li et al. [39] worked on the issue of predicting traffic with improved prominence given to big data handling for 
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developing a Lasso Granger causality theory. The Lasso method was used to obtain the desired information, 
omitting the unwanted data. All the measurements were obtained using Gaussian distribution and mean 
square deviation.

4  Clustering Models for Transportation Data Analysis

4.1  Unsupervised Models

Bhuyan and Rao [7] created a model to estimate the travel speed in urban streets, which aids in grouping 
the roads and defining the level of service, with K-means as well as K-medoid. Metrics like separation index, 
Dunn’s index, Xie and Ben’s index, and partition index determined the precision of the estimated traveling 
speed. Their study revealed that the K-medoid clustering method offers better prediction results. Zhu et al. 
[69] developed a method involving agglomerative hierarchical clustering to calibrate the parameters of the 
speed-density traffic simulation model. Other techniques like K-means were also used by them to calibrate 
the speed-density parameter, and their performance index was measured as root mean square percent error. 
Nezerenko et al. [46] developed a model that achieves new quantitative transportation field in the Baltic Sea 
region by forming a single regional transportation. Hierarchical clustering analysis, Bayesian analysis, affin-
ity analysis, and correlation analysis were used to identify countries with homogenous trends in the trans-
portation field. Pei et al. [49] proposed a method that creates a two-component cluster to spot the clusters of 
taxi-cab trips in Beijing City (Figure 2).

4.2  Supervised Models

Jacob and Abdulhai [26] developed a self-learning adaptive integrated freeway arterial control, in order 
to support the handling of non-recurring as well as recurring congestion in North America. To predict the 
model, they used algorithms like back-propagation, K-nearest neighbor, and Q-learning. Li and Chen [38] 
predicted the travel time of a freeway with non-recurrent congestion using K-means clustering, decision trees, 
and neural network. Arokhlo et al. [4] constructed a model for a route planning system, which is based on 
multi-agent reinforcement learning algorithm, for the purpose of routing vehicles between Malaysian cities. 
They studied the components, constituting the road network areas, and their associated weights for solving 
the vehicle delay problems using the Q-value-based dynamic programming and Boltzmann distribution. The 

Figure 2: List of Unsupervised Models Used in Intelligent Transportation System.
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average traveling time was computed to find the best route for vehicles to avoid delays. Pereira et al. [50] 
predicted the public transport arrival in event areas by using off-the-shelf techniques for data collection 
from Singapore City. To predict, they used various machine learning algorithms, such as K-nearest neighbor, 
Gaussian process, linear regression, and support vector regression. Zhu et al. [69] suggested methods to cali-
brate the parameters of the speed-density traffic simulation model to calculate the speed of vehicles. They 
used K-nearest neighbor and locally weighted regression for the speed-density parameter calibration, and the 
performance index used here was the measured root mean square percent error (Figure 3).

5  Findings and Discussion

5.1  State-of-the-Art Reviews

In ITS, cluster analysis has wide usage. Clustering experiments have classified big data and defined the 
speed ranges for the service-level categories. It has been the only suitable solution technique for various 
 classification problems. Bhuyan and Rao [7] randomly opted a few groups from a substantially large obser-
vation. Zhu et  al. [69] yielded the highest precision and accurate traffic dynamics by using it, promoting 
effective data processing in large-scale road networks. Pei et al. [49] clustered data with two types of points 
in ITS. Nezerenko et al. [46] identified more homogeneous groups of users and formed a single transportation 
system using clustering. Ona et al. [47] reduced the heterogeneous opinions of service quality public trans-
port passengers using cluster analysis (Figures 4 and 5).

5.2  Research Gaps

Unsupervised clustering models are widely used; however, a few drawbacks still exist, as follows: (i) Deter-
mining the optimal number of clustering points seems to be a major problem while developing a model that 
is based on clustering methods. (ii) Defining a termination criterion is difficult in case of unsupervised clus-
tering models. Clustering a specific type of data and finding its termination criterion seems to be ineffective 
because most unsupervised algorithms are iterative. If the criterion is met for all clustered data, the devel-
oped model can be trained robustly. (iii) Clustering methods are sensitive that even unwanted data may be 
amplified and interpreted. Thus, there is a lack of a definitive objective function.

Figure 3: List of Supervised Models Used in Intelligent Transportation System.
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Figure 5: List of Predictive Methods Used in Intelligent Transportation System.

Figure 4: List of Pattern Mining Methods Used in Intelligent Transportation System.
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Evolutionary computational algorithm overcomes the aforesaid problems. It is robust and suited well to 
high-dimensional problems. Yet, these techniques also have a few drawbacks, as follows: (i) Accomplish-
ing reliable results within the stipulated period is challenging. (ii) Adverse configurations lead to premature 
convergence. Hence, the population diversity gets lost rapidly to a local extremum. (iii) Anytime behavior is 
rather common in the evolutionary approach. The algorithm shows rapid progress at the initial stage and 
flatters anytime.

6  Conclusion and Future Work
This paper has reviewed various data mining methods for ITS. Descriptive mining methods have aided in 
generating a real-time information system, identifying traffic patterns, developing travel speed calculation 
model, and investigating parking decisions. Predictive data mining techniques have helped in inferring the 
network topology, finding traffic bottlenecks, solving the multi-objective location inventory problem, con-
structing two data reduction algorithms, and predicting short-term traffic flow in heterogeneous conditions. 
Among the descriptive data mining methods, clustering models have extensive use in forming the single 
transportation system, calibrating the speed-density parameters, estimating the travel speed, and clustering 
the taxi-cab trips and route planning system. Especially, the unsupervised methods have many applications 
in ITS. Traditional unsupervised models have drawbacks; however, these are rectified using the evolution-
ary approach. The presented evolutionary approach also has drawbacks. Thus, increasing the potential of 
the evolutionary model is rather challenging. An effective evolutionary approach without drawbacks will 
certainly help in developing enhanced ITS.
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