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A B S T R A C T   

When studying the vehicle routing problem, especially for on-time arrivals, the determination of travel time 
plays a decisive role in the optimization of logistics companies. Traffic Internet of Things (IoT) connects ubiq-
uitous devices and collects data from various channels like traffic cameras, vehicle detectors, GPS, sensors, etc. 
that can be used to analyze real-time traffic status and eventually increase the efficiency of logistics management 
for Logistics 4.0. However, big IoT data contain joint features that interact non-linearly and complicatedly, thus 
increasing the stochastic nature and difficulty of determining travel time on real-time basis. This research pro-
poses a novel method (named the gradient boosting partitioned regression tree model) to forecast travel time 
based on big data collected from the industrial IoT infrastructure. The proposed method separates the global 
regression tree model based on the gradient boosting decision tree into several partitions to capture the time- 
varying features simultaneously – that is, to subdivide the non-linearity into fragments and to characterize the 
feature interactions in a manageable way with recursive partitions. We illustrate several analytical properties 
with manageable advantages in terms of big data analytics of the proposed method and apply it to real traffic IoT 
data. Findings of this research show that the proposed method performs successfully at enhancing the predictive 
accuracy of travel time after empirically comparing it with other computational methods.   

1. Introduction 

It is difficult (or expensive) to consistently and accurately predict 
travel time (Bartolini et al., 2020), because it varies either exogenously 
due to traffic congestion, weather conditions, moving targets, or mobile 
obstacles, or endogenously whenever the decision maker can set the 
vehicle speeds (e.g., in order to trade-off between fuel consumption and 
travel time); see, Gendreau et al. (2015), for example. This research is 
particularly interested in the stochastic nature of travel time (see Ken-
yon and Morton, 2003, for example) in regards to travel and service 
times. Beyond the classical formulation of the vehicle routing problem, 
several studies propose solutions to the time-constrained routing prob-
lem with a pre-defined total travel time limit following the least ex-
pected time (Gao and Huang, 2012), the legal constraint of traffic laws 
(Gendreau et al., 2015), and the company’s own travel time limits from 
internal constraints (Karsten et al., 2015). Lefever et al. (2019) treat 
travel times as uncertain data and model them as random variables that 

take values in a symmetric and bounded interval around their mean 
value. Manseur et al. (2020) point out that the formulation of least ex-
pected time is risk-neutral without taking into account travel time var-
iations. Travel time on many roads may vary due to changes in traffic 
conditions and differ with the dynamics of traffic congestion (Carrion 
and Levinson, 2012), especially during peak hours (i.e., time-dependent 
effect), which increase the difficulty of obtaining a reliable estimate of 
travel time. Vidal et al. (2020) note that inadequate management of 
travel times in routing remains a major barrier to applications, and that 
producing accurate predictions and performing rapid travel-time 
queries on large-scale networks raise significant methodological 
challenges. 

Real-time information can enable adaption to change traffic condi-
tions and make better routing decisions in uncertain networks (Gao and 
Huang, 2012). Several recent studies show that real-time routing ap-
proaches can significantly improve decision quality in logistics (Bock, 
2019; Ferrucci and Bock, 2016). Real-time logistics refers to the concept 
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of contemporary logistics, e.g., Logistics 4.0 (Winkelhaus and Grosse, 
2020), of using ICT (information and communication technology) and 
modern logistics technology to actively eliminate the delay in manage-
ment and execution of logistics business processes, thereby improving 
the response speed, the logistics capabilities, and the competitiveness of 
enterprises. Real-time logistics is not only concerned with the cost of the 
logistics system, but also with the speed and value of the overall business 
system; see Bogataj and Grubbström (2013). It has become the core 
competitiveness for generating additional profits aside from attracting 
customer purchases (Niu et al., 2019), particularly in this era of Logistics 
4.0. 

With information and communication technologies increasingly 
being applied over a wide array of sectors, coordinating travel route and 
time is now possible for a given number of traveling vehicles with given 
origins and destinations (see Speranza, 2018, for example). A common 
in-vehicle device that supports drivers to select path is based on a 
digitalized road network map and a Global Positioning System (GPS) 
aerial (see Lersteau et al., 2016, 2018). Winkelhaus and Grosse (2020) 
highlight big data-based systems that comprise data-driven decision 
making (DDDM) in Logistics 4.0, and many studies address the signifi-
cance of big data in supply chain applications (see Papadopoulos et al., 
2017; Dubey et al., 2020, for example). This is also known as data-driven 
decision management or data-directed decision that involves collecting, 
organizing, engineering, extracting, and analyzing key datasets (Sun 
et al., 2015) to (1) inform a decision-making process with a decision 
extrapolated from insights and projected efficacy of data and to (2) 
validate a course of action before committing to it (Chen et al., 2020). 
However, we cannot deny the various challenges brought about by 
data-driven decision making, particularly with big data (see Lin et al., 
2020, for example). Pragmatic real-time logistics was first proposed by 
Bosch in20191 in order to overcome the shortfalls of document-flow 
logistics between ERP systems with many media disruptions and 
different interfaces. Pragmatic real-time logistics is based on easy-to-use 
and affordable IoT technology that delivers the data from the supply 
chain processes, enables the material flow to be visible to logistics staff, 
and empowers employees to actively steer it with real-time tools and 
services. 

To mitigate the impact of unpredictable variations of stochastic 
travel time and to produce an accurate prediction for maximizing the 
reliability of freight travel time, we aim to propose a novel data-driven 
method that combines real-time road traffic information (big traffic 
data) to accurately predict near-future travel time (at a specific point of 
time). We focus on the following three research questions in this study:  

1. For any conjoint locations, if there are several different IoT devices 
between them, then how can one accurately predict the travel time 
through big data collected by the IoT devices?  

2. What is the best data-driven method that allows real-time processing 
without having priori knowledge of traffic flow theory?  

3. How robust is the proposed method with respect to different traffic 
situations to support the pragmatic real-time logistics management 
of Logistics 4.0? 

We propose a new method for the predictive analytics of stochastic 
travel time – that is, the gradient boosting partitioned regression tree 
(GBPRT), which separates the global regression model based on the 
gradient boosting decision tree into several partitions to capture the 
time-varying features simultaneously. This is done through a recursive 
partition and a cell of the partition, subdividing the non-linearity into 
fragments, and characterizing the feature interactions in a manageable 

way. We conduct an empirical study with real big traffic data to evaluate 
the proposed method and show its superior performance in comparison 
with alternative data-driven and model-driven methods. 

We organize the rest of the paper as follows. Section 2 first introduces 
the industry background and relevant literature focusing on three 
strands of state-of-the-art studies. Section 3 describes the newly pro-
posed gradient boosting partitioned regression tree (GBPRT) for big data 
analytics. Section 4 presents an empirical study that implements big 
traffic IoT data to conduct short-term prediction of freight travel time. 
We show that our proposed method indeed meets the goal of big data 
analytics in search of manageable tools for logistics professionals. Sec-
tion 5 discusses our major contributions, implications, limitations, and 
future works. Section 6 concludes. 

2. Bachground and related literature 

This section first introduces the relevant background of current smart 
traffic systems of interest to the industry and the big IoT data generated 
therein. Next, we discuss the value of information (and IoT) technology 
in the literature and its decisive role in the construction of contemporary 
smart logistics. Finally, we present the methods used in the literature to 
model and predict random travel events. 

2.1. Intelligent traffic systems and industrial IoT (IIoT) data 

The latest developments in intelligent transportation systems (ITS) 
combined with sensor technology and emerging computer and vehicle 
communication paradigms make it possible to monitor traffic conditions 
in real time. As the U.S. Department of Transportation (DOT) began to 
promote the Connected Vehicle (CV) program, various data generated 
by wireless connections between vehicles participating in traffic can 
help increase people’s awareness of real-time traffic conditions, thereby 
reducing the number and severity of traffic accidents (see Florin and 
Olariu, 2020). 

With the popularity of V2X (Vehicle-to-Everything) and the devel-
opment of 5G IoT technology, generalized V2X is becoming closely 
connected with transportation integration in the context of logistics and 
transportation. Smart transportation in the field of logistics, including 
vehicle distribution, transportation coordination, and dynamic infor-
mation sharing, is developing in a coordinated manner of vehicle-road 
collaboration and vehicle-road data interaction. At present, it involves 
the most active safety prevention and control technology, thus realizing 
real-time tracking based on location. 

V2X (Vehicle-to-Everything), also known as connected-vehicle-to- 
everything communication, is relatively nascent. X is a variable that 
can be any possible “person or thing” and can be replaced by infra-
structure (I),2 vehicle (V),3 pedestrian (P),4 network (N),5 etc. V2X is 
wireless technology mainly used to improve road safety and traffic 
management and is a key technology for future intelligent trans-
portation systems (ITS). It can realize vehicle-to-vehicle, vehicle-to- 

1 This concept has been published as a blog post and was presented at an IPM 
convention on February 5, 2019 and in a webinar of BLV on November 21, 
2019. https://blog.bosch-si.com/industry40/pragmatic-real-time-logistics-a-ne 
w-material-flow-paradigm/. 

2 V2I (Vehicle To Infrastructure) realizes the communication function be-
tween the infrastructure and the vehicle without affecting on-board sensors. It 
includes traffic lights, bus stops, poles, buildings, overpasses, tunnels, and 
roadblocks.  

3 V2V (Vehicle to Vehicle) is a communication technology that provides 
direct end-to-end wireless communication for moving vehicles. It is not limited 
to fixed base stations. Through V2V communication technology, vehicle ter-
minals can directly exchange wireless information with each other without 
forwarding through a base station.  

4 V2P (Vehicle to Pedestrian) makes vehicles interacted with pedestrians in 
the driving range to obtain dynamic behavior of pedestrians for driving more 
safely.  

5 V2N (Vehicle to Network) is the Internet of Vehicles where vehicles are 
connected to the mobile Internet or transportation network and are able to 
obtain Internet service capabilities. 
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roadside facilities, and vehicle-to-Internet connectivity, which commu-
nicate with each other to obtain a series of traffic information such as 
real-time road conditions, road information, and pedestrian informa-
tion, thus improving driving safety, reducing congestion, and enhancing 
traffic efficiency. At present, the development of V2X communication 
technology is mainly DSRC communication technology represented by 
IEEE 802.11p and cellular-based LTE-V communication technology 
(Naik et al., 2019). There are also other communication technologies in 
V2X applications, such as cellular (2/3/4G), WiFi, GPS, NFC, and RFID, 
among others (Abboud et al., 2016). 

Industrial Internet of Things (IIoT) refers to industrial applications of 
IoT. Although the development of the consumer Internet in the past two 
decades can provide some important experiences, given the uniqueness 
of its scale and requirements, the extent to which these lessons have 
supported IIoT is not clear. Different industries have their own 
requirement of IoT. For example, real-time response is critical for in-
dustries such as manufacturing, energy, transportation, and healthcare. 
For today’s Internet, real-time usually means seconds; for industrial 
machines, the concept of real-time belongs to the sub-millisecond 
category. Only after specific analysis of the business content of each 
industry can it be possible to make effective decisions using data specific 
to the underlying industry. Therefore, IIoT data refer to traffic IoT data 
in our study, which also contain the urban sensing data reviewed by 
Ballis and Dimitriou (2020). 

IIoT data have diversified attributes and can be used functionally for 
different components of V2X. For example, roadside facility information 
and CVP data are from V2I and GVP data that belong to V2N, but they 
can be used by V2V and V2P. Traffic IoT data are definitely big data (Sun 
et al., 2015) and have the following characteristics: (1) heterogeneous 
and autonomous source; (2) data dimension is diverse; (3) data size 
and/or format is beyond the capacity of conventional processes or tools 
to effectively and affordably capture, store, manage, analyze, and 
exploit; and (4) data relationship is complex, dynamic, and evolving. 

2.2. IoT-enabled logistics 

The IT-based transformation of operations and strategy could pro-
duce and consume value via three determinants (viability, networks, 
and agency) for the entire ecosystem (consumers, producers, markets, 
and society) (Clemons et al., 2017). Khuntia et al. (2019) show that 
IT-enabled capabilities can help firms overcome internationalization 
risk and compete globally, while Cui et al. (2020a) report that 
IT-enabled inter-firm knowledge exploitation capability can improve 
product effectiveness and process efficiency. Townsend et al. (2020) 
present that dynamic competitiveness is the most important latent factor 
that affects an organization’s information needs, and faster transaction 
and processing of data are essential for companies with a dynamic 
supply chain. More importantly, adopting technologies such as RFID and 
other IoT systems for real-time monitoring in highly dynamic organi-
zations results in significant performance improvement. Barlette and 
Baillette (2020) note that big data enhance organizational agility and 
are highly valuable for identifying opportunities and threats in the 
context of the Industry 4.0 revolution. Mikalef and Krogstie (2020) state 
that big data can impact a firm’s incremental and radical process 
innovation capabilities at different levels under varying organizational 
contextual factors. 

As one of the developments in ICT, IoT provides a paradigm shift in 
many fields, including logistics and possibilities with new functions for 
communication between people and things and the autonomous coor-
dination between “things”, which can more effectively deal with the 
challenges of a logistics system, thereby achieving a higher level of 
supply chain visibility, agility, and adaptability. Several studies have 
reported the achievement of IoT enablers in supply chain management. 
For example, Bogataj et al. (2017) show IoT devices that track ambient 
conditions like temperature, humidity, and gas concentrations, which 
are embedded in moving activity cells of a cyber-physical system and 

help to reduce post-harvest loss in a supply chain. By proposing an 
IoT–based multi-temperature delivery planning system, Tsang et al. 
(2020) present that the capability of handling orders is enhanced with 
customer satisfaction at a designated level. However, after exploring the 
role of IoT and its impact on supply chain management, Ben-Daya et al. 
(2019) note that decision-making in an IoT context requires new tools 
and models that should take better advantages of the big data generated 
from IoT devices. 

The logistics information of goods can be automatically extracted by 
barcode technology with electronic tag systems and bluetooth technol-
ogy or wireless communication technology for transmission (see Ler-
steau et al., 2016; Reyes et al., 2016; Lersteau et al., 2018). In 2013, 
real-time tracking technology was mainly implemented using GPS sat-
ellite positioning technology (see Mintsis et al., 2004), electronic map 
technology, Intelligent Transportation System (ITS) (see Qiu et al., 
2015), and wireless communication technology (see Mondragon et al., 
2012). Logistics operations can now be performed by mobile computing 
technology (Raghavan et al., 2019) or directly accessed by a wired or 
wireless transmission central processing system (Tayi et al., 2004). 

Due to the rapid development of information technologies such as 
remote communication technology, Internet technology, automatic 
identification, and collection technology (see Lersteau et al., 2018; 
Mondragon et al., 2012, for example), enterprises can accelerate the 
rapid response (QR) of business flow, information flow, and capital flow 
in business activities by applying modern information processing tech-
nology to achieve real-time communication, real-time processing, and 
real-time response (see Nativi and Lee, 2012, for example). At the same 
time, with the maturity of modern logistics technology, enterprises may 
also employ real-time logistics by connecting logistics operations 
through mechanization, automation, and information technology (see 
Qiu et al., 2015). Therefore, the disadvantages caused by stochastic 
travel (arrival) time are expected to be reduced with the rapid devel-
opment of real-time information technology. 

Real-time management requires a complete and efficient logistics 
system to achieve it, which involves the overall optimization of logistics 
management, predictive control, planning, and arrangement, collabo-
ration technology, and intelligent technology (Wudhikarn et al., 2018). 
For example, real-time ETA (Estimated Time of Arrival) determination is 
important for a logistics service provider to always know exactly when 
the goods will arrive, particularly when transferring valuable goods 
(Michallet et al., 2014). The occurrence of an unpredictable event will 
undoubtedly bring about a delay (Hoogeboom and Dullaert, 2019). With 
the help of real-time vehicle location tracking and current traffic data, 
real-time logistics managers can adjust route plans and timetables based 
on prevailing conditions and communicate with drivers and destination 
leaders when needed (Nguyen et al., 2014). Real-time logistics makes 
full use of modern logistics and information technology to eliminate all 
unnecessary delays in logistics operations and management. Winkelhaus 
and Grosse (2020) finalize a comprehensive framework of Logistics 4.0 
by defining the logistics system and using digital technologies to satisfy 
individualized customer demands without increasing costs and sup-
ports. Real-time logistics not only pays attention to the lowest cost of 
each link of the logistics, but also focuses on the response speed and 
ability of the entire logistics system and even the enterprise in accor-
dance with Logistics 4.0. Therefore, informatization (digitalization) 
becomes an important symbol that distinguishes logistics service pro-
viders from traditional logistics (Cenamor et al., 2017). 

More attention lately is targeting green logistics and humanitarian 
logistics. Green logistics aims at increasing economic sustainability, 
decreasing environmental externalities (e.g., gas emissions, noise and 
accidents), and balancing economic, environmental, and social objec-
tives (see Dekker et al., 2012; Konur, 2014) with humanitarian logistics 
to mitigate the negative impact of natural disasters in terms of loss of life 
and economic costs (see Balcik et al., 2010; Heaslip et al., 2012; Altay 
et al., 2018). Travel time influences both green and humanitarian lo-
gistics in terms of agility and resilience. Therefore, to increase the 
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velocity of a distribution system, its efficiency consequently becomes 
critical in real-time logistics management (Arıkan et al., 2014). In 
addition, Dubey et al. (2019) point out that capable big data analytics 
can improve collaborative performance in disaster relief operations. 

2.3. Travel time prediction 

Travel time prediction has attracted increasing interest due to its 
importance as a network performance measure and its simplicity as a 
direct measure to inform road users of traffic conditions (Vlahogianni 
et al., 2014). The accurate prediction of travel time is affected by various 
non-linear characteristics (e.g., time-invariant road inhomogeneities) in 
traffic flows. Traffic itself can be considered as a non-linear system that 
has been studied by a vast variety of microscopic and macroscopic 
methods; see Snell et al. (1968), Hurley and Petersen (1994), Jin and 
Zhang (2003), and Qian et al. (2017), among others. Taylor (2013) 
points out that the reliability of travel time prediction is an important 
performance index for the operation of a transportation system. 
Although various univariate and multivariate methods for modeling 
average travel time have been proposed for understanding travel time 
variability, the measurement and assessment of such reliability still 
needs to be explained. 

Three components of travel time variations are identified (see Tay-
lor, 2013, and references therein): (1) regular condition-dependent 
variations, which are the predictable temporal variations in human 
and economic activity, generally cyclical or seasonal; (2) irregular 
condition-dependent variations, which are those resulting from irreg-
ular (and by nature unpredictable) changes in network and environ-
mental conditions; and (3) random variations, which reflect minor 
variations in travel time due to small events that may only impact an 
individual traveler or a small number of travelers. In general, predictive 
analytics of short-term traffic situations can be classified into 
model-driven and data-driven categories. Model-driven methods are 
mainly parametric models and traffic flow theory-based models, while 
data-driven methods are mainly non-parametric or machine learning 
methods. 

When considering the regular condition-dependent variations, the 
cluster analysis method can help find highly similar features (Chen et al., 
2020) and use the periodic repeatability (such as time-of-day, day of 
week, and season of year) of these features to make predictions. Hab-
temichael and Cetin (2016) present a non-parametric and data-driven 
methodology for short-term traffic forecasting based on identifying 
similar traffic patterns using an enhanced K-nearest neighbor algorithm. 
Ladino et al. (2017) propose a fusion method for multi-step forecasting 
of time series data with a Kalman filter and K-means clustering. Using 
the time of day and day of week as explanatory variables, Westgate et al. 
(2016) offer a regression approach for estimating the distribution of 
ambulance travel times between any two locations in a road network. 
Lippi et al. (2013) suggest two seasonal support vector regression 
models to deal with typical traffic flow seasonality. Zhang et al. (2017) 
provide a pattern-matching method of matching large-scale spatiotem-
poral traffic patterns for multi-step travel time forecasting. 

The variations targeted by many studies are often not unitary, and 
several parametric methods including the classic spatial-temporal time 
series models have been applied. Tebaldi et al. (2002) look at regression 
models with seasonal patterns for the predictive analysis of short-term 
changes in traffic flow. Chrobok et al. (2004) discuss a method to 
combine a heuristics model with the linear model for short-term fore-
casting, but Smith et al. (2002) find that non-parametric regression 
based on heuristic methods can outperform seasonal ARIMA models for 
the prediction of single-interval traffic flow. Fei et al. (2011) presents 
the Bayesian dynamic linear model (DLM) to predict online short-term 
freeway travel time as the sum of the median of historical travel times 
with its time-varying random variations. Min and Wynter (2011) adopt 
an extended vector-ARMA model to account for transient behavior on a 
traffic network, and Ma et al. (2015a) consider a time–space threshold 

vector error correction model with co-integration of error correction for 
short-term (hourly) traffic state prediction. Ma et al. (2018) propose a 
dynamic factor model that decomposes the grouped traffic time series 
into the latent common factor component and idiosyncratic component 
to provide forecasts for groups of locations. 

When considering these three types of variations in Taylor (2013) 
together, several methods are proposed based on traffic flow theory. Van 
Woensel et al. (2008) develop a method based on queuing theory to 
tackle the traffic congestion component and show that time-independent 
solutions are often unrealistic within a congested traffic environment in 
Europe. Deng et al. (2013) extend Newell’s method for a stochastic 
three-detector problem with a multinomial Probit model to estimate the 
mean and variance of cell-based density and flow. Zhang et al. (2014) 
work on the intra-day or periodic trend by introducing the spectral 
analysis technique with a deterministic part based on the ARIMA model 
and the volatility estimated by a GARCH model. Fusco et al. (2016) 
consider extending the seasonal ARMA model with machine learning 
methods to enhance short-term traffic prediction with real-time 
information. 

Regardless of non-parametric methods or machine learning methods, 
there is a strand of studies in the literature on short-term traffic fore-
casting. Many non-parametric methods formalize variations in Taylor 
(2013) as recurrent patterns. Dia (2001) works on a time-lag recurrent 
neural network model for predicting speed data up to 15 min into the 
future. Starting from basic neural network algorithms, there are many 
improved complex machine learning methods based on network models. 
Ma et al. (2015b) show that long short term memory (LSTM) recurrent 
networks have longer term dependence for travel speed prediction, and 
Cui et al. (2020b) work with them for traffic state forecasting. Nair and 
Dekusar (2020) suggest a simple non-parametric kernel regression for 
forecasting travel speeds on two arterial links for two 5-h periods in a 
single day. Dogan (2020) examines the relationship between the data 
used and the performance of LSTM and non-linear AR models, but does 
not indicate which method is definitely better than another. After 
comparing several methods, Lin et al. (2018) point out that although 
data mining methods, such as neural networks, lack explanatory power 
and are computationally expensive, they are more flexible than statis-
tical models when dealing with complex datasets with non-linearity or 
missing data. 

Some studies have used different public data sources collected from 
stationary observers (e.g., pneumatic tubes, inductive loop detectors, 
cameras, microwave sensors, and radars) placed by the roadside. For 
example, Pi and Qian (2017) investigate a real-time traffic routing 
strategy under demand uncertainty with data in 2015 from the Caltrans 
Performance Measurement System (PeMS)6 across all major metropol-
itan areas of California. Islam et al. (2020) develop traffic state esti-
mation algorithms with microscopic traffic data collected in 2005 under 
the Next Generation Simulation (NG-SIM) program7 in Los Angeles, 
California. Based on the literature we have reviewed so far, there is no 
study focusing on predictive analytics of travel time by directly using big 
IoT data under real-time consideration with a regression tree method. 
Therefore, we believe that the current research, whether in terms of 
real-time prediction based on big data or in terms of future challenges in 
Logistics 4.0, is a constructive effort in the right direction. 

3. The new methodology 

Based on the conventional method of gradient boosting regression 
trees, we introduce a procedure of categorical partitioning to make the 
traditional regression tree model more flexible in order to cope with 
complex situations that can be classified on the feature space. Section 1 
briefly introduces the conventional regression tree method. We discuss a 

6 https://dot.ca.gov/programs/traffic-operations/mpr/pems-source.  
7 https://ops.fhwa.dot.gov/trafficanalysistools/ngsim.htm. 
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new procedure of categorical partitioning in Section 3.2 based on the 
feature space. Integrating the categorical partitioning procedure, we 
establish the newly proposed regression tree method, called gradient 
boosting partitioned regression tree (GBPRT), in Section 3.3. We then 
show its training process and optimization in Section 3.4 and Section 
3.5, respectively. Lastly, we discuss about how to determine the 
hyperparameters of GBPRT in 3.6. 

3.1. Theoretical background of the gradient boosting regression trees 

This section shows our method to promote weak models into strong 
models according to ensemble learning. Ensemble learning is a meta- 
algorithm that combines several machine learning techniques into a 
prediction model to reduce variance, bias, and/or predictive errors. Our 
fundamental idea is that for a complex task, the decision obtained by 
appropriately combining the decisions of multiple models is better than 
the judgment of any one of the models alone, by integrating multiple 
(ensemble) multiple weak models, i.e., decision trees, to build a final 
prediction model with recursive partitioning procedures. A tree can be 
considered as a set of if-then rules, which is easy to implement, has 
strong interpretability, and has fast predictive speed. At the same time, 
the decision tree algorithm requires less feature engineering than other 
algorithms. For example, it does not need to perform feature normali-
zation, it can deal with missing data in the feature, and it does not need 
to worry about whether the features are interdependent. A decision tree 
can automatically combine multiple features (i.e., categorical, ordinal, 
and numerical) and can handle the interaction between features such as 
non-linear and non-additive relationships. It is non-parametric and ap-
plies a variety of approaches to deal with outliers by partitioning feature 
space without requiring its linear separability. 

We use x as the predictor (input) and y as the predictand (output). 
The predictor usually is a vector x that contains many variables, and the 
predictand y is scalar. Given a dataset D of n observations, D = {(xi,

yi)}, where i = 1, 2,…,n. We obtain x from D to find a function f( ⋅) that 
makes a prediction for all input values. 

Bagging and boosting are the main methods of ensemble learning. 
Bagging selects several subsets from D uniformly with a replacement for 
a new training set with which to obtain several models for each training 
set. The prediction is generated either by taking an average of results or 
using a majority vote. Different from bagging, boosting builds the model 
through a stage-wise method. The weak learner built at each step of the 
iteration is to make up for the shortcomings of the existing model. The 
gradient boosting method builds a model that can reduce the steepest 

descent along the steepest gradient direction at each step of the iteration 
to make up for the shortcomings of existing models. Bagging is used to 
decrease variance and boosting is to decrease the bias so as to keep the 
variance smaller. 

For D , we have K = {(x1, y1), (x2, y2),…, (xN, yN)}. If we split pre-
dictor space X into J disjoint regions R1, R2, …, RJ, and let C j be a 
constant for the output on each region, then a tree can be defined as: 

t(x;Θ) =
∑J

j=1
C j1

(
x∈Rj

)
, (1)  

where Θ = {(R1,C 1), (R2,C 2),…, (RJ,C J)}. Here, J is the number of 
leaves that shows the complexity of a tree; see Fig. 1. We can also express 
Equation (1) as an additive function to train a sequence of binary trees 
{tk} where k = 1,…,K from a space of trees F , 
F = {t(x)= ωq(x)

⃒
⃒ q : R

m →K,ω∈ R
K
} to get the final output as: 

ŷi =φ(xi) =
∑K

k=1
tk(xi), tk ∈ F , (2)  

where xi is the input vector with m features and xi ∈ R
m, and q char-

acterizes the tree structure that illustrates the mapping between an 
example and its leaf index. Assuming that the number of leaf nodes is T, 
the decision tree is a vector ω ∈ R

T composed of the values corre-
sponding to all leaf nodes and a function that maps the feature vector to 
the leaf node index q : R

m→{1,2, …, T}. Therefore, each tree can be 
defined as tk(xi) = ωq(xi). 

The regression tree can be viewed as a function that maps the feature 
vector to a certain score. The parameters of this model are: Θ = {t1,t2,…,

tK}. Different from general machine learning algorithms, the addition 
model in Equation (2) does not learn the weights in the m-dimensional 
space, but directly learns the function (decision tree) set F . To learn the 
set of functions used in the model, we minimize the following regular-
ized objective: 

minL (φ) =
∑

i
l
(

ŷi, yi

)

+
∑

k
Ω(tk),

s.t. Ω(t) = γ K +
1
2

λ
⃒
⃒
⃒
⃒

⃒
⃒
⃒
⃒ω
⃒
⃒
⃒
⃒

⃒
⃒
⃒
⃒

2

.

(3) 

Here, l is a differentiable convex loss function that measures the 
difference between the predicted ŷi and the observed yi. The second 
term Ω( ⋅) penalizes the complexity of the regression tree functions. In 
order to define the complexity of the tree, we can consider the number of 
nodes in the tree, the depth of the tree, or the L2 norm of the score 
corresponding to the leaf nodes that also smooth the final learned 
weights in order to avoid overfitting. To solve the optimization problem 
in Equation (3), a forward stage-wise algorithm can be used. If we can 
learn only one basis function and its coefficient (structure) from step to 
step, and gradually approximate the optimization objective function, 
then its complexity will be reduced. Specifically, we start with an initial 
prediction (i.e., c) and learn a new function each time as follows: 

ŷ0
i = c,

ŷ1
i = t1(xi) = ŷ0

i + t1(xi),

ŷ2
i = t1(xi) + t2(xi) = ŷ1

i + t2(xi),

…

ŷK
i =

∑K

k=1
tk(xi) = ŷK− 1

i + tk(xi).

Minimizing the objective function is to decide which tk is added at 
each step. For example, in the k-th stage, the predictand is ŷk

i = ŷk− 1
i +

tk(xi), where tk(xi) is the tree to be learned. The corresponding objective 
function is: 

Fig. 1. Tree Ensemble Model. The final prediction for a given example is the 
sum of predictions from each tree. 
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Table 1 
Summary of terminology for IIoT devices.  

Acronym Terminology Description/Function 

VD Vehicle Detector Sense the presence of vehicles 
CMS Changeable Message 

Sign 
An electronic traffic sign used on roadways to 
give travelers information about special 
events. 

CCTV Closed Circuit 
Television 

A television system that transmits video 
signals from cameras by cable to a set of 
monitors. 

AVI Automatic Vehicle 
Identification 

Identify vehicles in various traffic situations in 
different applications like electronic toll 
collection, access control, tracking, and speed 
control. 

eTag Electronic 
Transponders 

A free-flow tolling electronic toll collection 
system used on all tollways. 

CVP Cellular-based 
Vehicle Probe 

Continuously track the location information of 
cellular device and calculate its traffic status. 

GVP GPS-based Vehicle 
Probe 

Continuously track the location information of 
a positioning navigation machine and 
calculate its traffic status.  

Table 2 
Variables of the master data (V2I) from the TISV databank.  

Code Measure Description 

vdid Equipment 
Code 

Contains the location code and device number. 

status Road Status 0 for normal; 1 for communication abnormality; 2 
for decommissioning or under construction; and 3 
for equipment failure. 

time Data Collect 
Time 

For example, 09:00:00 refers to the data collected 
between 08:59:00 and 09:00:00. 

vsrdir Lane Direction The lane direction is detected by 0 and 1. If it is a 
one-way lane detector, it is represented by 0; if it is 
a two-way lane detector, and the direction of traffic 
flow is different, then there is a difference between 
0 and 1: the direction of the vehicle’s driving lane 
that is in the same direction as the detector or on 
the same side as the detector setting is represented 
by 0; otherwise, it is represented by 1. 

vsrid Lane Code From the inside lane to the outside lane, it is 
represented by the numbers 0, 1, 2, 3, 4, etc. 

speed Detected Speed Detailed 1-min average speed detection value by 
lane (km per hour). 

aneoccupy Detected 
Occupancy 

Detailed 1-min average occupy detection value by 
lanes (%). 

carid Vehicle Type Truck: T, Large car: L, Small car: S, Motorcycle: M. 
volume Vehicle Flow Detailed 1-min traffic flow detection values by 

lane/vehicle type.  

Table 3 
Features of the traffic data collection system (TDCS).  

Code Features Description 

max_spd Maximum speed Average of the highest speeds in all lanes. 
avg_spd Average speed Speed of each lane multiplied by corresponding 

traffic volume divided by total traffic volume. 
last_spd Last speed Take the maximum value of the speed of all lanes in 

the 4th minute; that is, if the timestamp is 
12:00:00, 12:05:00, 12:10:00 … whose value is 
taken at timestamp 11:59:00, 12:04:00, 12:09:00 
….  

total_flow Sum of traffic 
per lane 

According to the report time setting statistics, the 
average travel length of each vehicle at each 
detection station. 

avg_occ Average 
occupancy 

Average occupancy for lanes with non-zero traffic.  
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φk =
∑k

i=1
l
(

ŷk
i , yi

)

+
∑k

i=1
Ω(tk),

=
∑k

i=1
l
(

ŷk− 1
i + tk(xi), yi

)

+ Ω(tk) + C ,

(4)  

where C is a constant independent of tk− 1. When we add the newly- 
generated tree tk(xi) to the model ŷk

i = ŷk− 1
i + tk(xi), in order to avoid 

overfitting we add a learning rate (step size) η to tk(xi). We then train a 
new tree with ŷk

i = ŷk− 1
i + η tk(xi). If the initial value of η is too large, 

then the algorithm leads to oscillation (hard to convergence) and if it is 
too small, then the algorithm converges slowly. 

3.2. The proposed method of categorical partitioning 

Categorical variables are qualitative and represent the nature of the 
described object. In traffic IoT data, we often meet categorical variables 
such as types of vehicle or level of congestions. Although some variables 
could be considered as numerical, a more informative way is to consider 
them in several subsets based on their intrinsic features. 

With n observations in D , for the pair (xi, yi) xi contains p-dimen-
sional vector in p categories. The variables x⋅1, x⋅2,…, x⋅q are categorical 
with the number of categories C1,C2,…,Cq respectively, and the fea-
tures x⋅q+1, x⋅q+2,…, x⋅p are numerical. If we partition the n observations 
into two subsets with s for R(s) and L(s), then we can use R(s)∩ L(s) = ∅  
and R(s) ∪ L(s)⊆N to characterize the complete separation. The predic-
tion in Equation (2) can be split as: 

L s(φ)=
∑

i∈L(s)

L

(

ŷL, yi

)

+
∑

i∈R(s)

L

(

ŷR, yi

)

, (5)  

where ŷL and ŷR are the predictands over the sets L(s) and R(s). Obvi-
ously, s can subdivide n observations into several subsets. One example 
is when s subdivides n observations into three subsets R(s), M(s), and 
L(s). Similarly, if R(s) ∩ M(s) ∩ L(s) = ∅ and R(s) ∪ M(s) ∪ L(s)⊆N holds, 
then Equation (5) is: 

L s(φ)=
∑

i∈L(s)

L

(

ŷL, yi

)

+
∑

i∈M(s)

L

(

ŷM , yi

)

+
∑

i∈R(s)

L

(

ŷR, yi

)

. (6) 

For simplicity we only consider the case of two subsets, i.e., L(s) and 
R(s), in the following formulation. The loss function with regularization 
terms Ω(tk) in Equation (3) can be expressed as: 

L s(φ)=
∑

i∈L(s)

L

(

ŷL, yi

)

+
∑

i∈R(s)

L

(

ŷR, yi

)

+
∑

k∈[1,T ]

Ω(tk). (7) 

The total loss L (s) is the penalized sum of losses for all sub- 
divisional partitions given by s. If we have more partitions, then a 
large number of parameters will be collected that are going to have high 
variance and low bias. On the other hand, if very few partitions are 
considered, then they may have high bias and low variance. A tradeoff in 
complexity occurs. Thus, we need to find a balance without overfitting 
and underfitting the data. 

3.3. The gradient boosting partitioned regression tree (GBPRT) 

For the additive model in Equation (2), we define Θ(L,R)
k as the pa-

rameters of the tree and thus get: 

φk(xi)=
∑K

k=1
tk
(
xi ;Θ(L,R)). (8) 

Forward boosting is φk+1(xi) = φk(xi)+ tk+1(xi ;Θ(L,R)), where φk( ⋅) is 
the current model. The parameter of the tree for the next iteration is: 

Θ̂k+1 = argmin
Θk

∑K

i=1
L
(
yi,φk(xi)+ tk+1

(
xi ;Θ(L,R))). (9) 

Following Equation (4) after k-th iteration ŷ(k)
i can be the predicted 

on xi, we are able to train a new tree tk+1 so as to minimize the following 
loss function for the (k+ 1)-th iteration: 

Table 5 
Prediction performance with K-nearest neighbors of travel time with a backward period of 5, 15, 30, and 60 min.  

Route K = 5 min K = 15 min K = 30 min K = 60 min 

MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 10.71 5.76 5.90 11.08 6.00 6.14 11.48 6.26 6.39 12.20 6.71 6.84  
(32.80) (7.80) (9.38) (33.02 (7.96) (9.53) (33.23) (8.15) (9.71 (33.59 (8.51) (10.03) 

R2 5.71 5.06 5.21 5.91 5.28 5.43 6.12 5.50 5.65 6.49 5.92 6.06  
(21.95) (8.60) (10.50) (22.17) (8.87) (10.74) (22.36) (9.08) (10.94) (22.65) (9.42) (11.25) 

R3 10.62 7.68 8.01 10.97 8.02 8.34 11.30 8.33 8.65 11.88 8.89 9.20  
(34.96) (11.55) (14.45) (35.24) (11.89) (14.76) (35.52) (12.23) (15.07) (36.01) (12.70) (15.55) 

R4 15.12 10.79 11.25 15.64 11.32 11.73 16.08 11.79 12.17 16.74 12.50 12.84  
(48.28) (18.00) (20.98) (48.88) (18.71) (21.50) (49.35) (19.26) (21.90) (49.97) (19.92) (22.46) 

R5 32.90 8.86 8.87 34.15 9.28 9.27 35.34 9.68 9.65 37.50 10.40 10.35  
(106.23) (15.58) (16.67) (1.07)† (16.17) (17.13) (1.08)† (16.74) (17.58) (1.10)† (17.67) (18.39) 

R6 45.68 18.24 15.79 47.97 19.30 16.72 49.95 20.17 17.54 52.99 21.40 18.86  
(87.70) (32.06) (21.94) (90.15) (33.13) (22.73) (91.97) (33.60) (23.34) (93.97) (33.30) (24.04) 

R7 6.16 13.38 12.40 6.70 14.72 13.57 7.18 15.93 14.65 7.96 17.91 16.52  
(14.70) (22.03) (18.13) (15.28) (23.69) (19.23) (15.76) (24.87) (20.11) (16.46) (25.90) (21.23) 

R8 64.49 19.02 17.25 69.46 20.70 18.66 73.75 22.14 19.91 79.76 24.19 21.74  
(1.21)† (27.69) (21.29) (1.26)† (29.71) (22.47) (1.31)† (31.13) (23.45) (1.38)† (32.69) (24.75) 

R9 35.35 25.10 21.88 38.25 27.28 23.68 40.77 29.16 25.28 44.64 32.03 27.80  
(55.95) (34.94) (26.39) (58.64) (37.20) (27.92 (61.00) (38.93) (29.22) (64.45) (41.08) (31.10 

R10 33.36 15.12 13.58 35.86 16.42 14.57 37.91 17.53 15.41 40.66 19.15 16.56  
(87.39) (33.15) (25.28) (91.99) (35.97) (26.69) (95.64) (38.39) (27.79) (1.00)† (41.85) (29.26) 

R11 42.09 23.26 20.73 44.77 25.17 22.23 47.29 27.00 23.67 51.64 30.19 26.20  
(89.00) (39.32) (29.94) (91.48) (41.74) (31.28) (93.80) (43.95) (32.48) (97.65) (47.49) (34.40) 

Mean 27.47 13.84 12.81 29.16 14.86 13.67 30.65 15.77 14.45 32.95 17.21 15.72 
std 63.63 22.79 19.54 65.51 24.09 20.36 67.11 25.12 21.05 69.42 26.41 22.04 

†.× 102 
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Table 6 
Predictive performance of six methods: the Holt-Winters method with a daily seasonal effect (HWS), Holt-Winters method with double seasonality (HWDS), exponential moving average with double seasonality (ExpDS), 
LSTM driven by the Huber loss function (LSTM-H), LSTM driven by the root mean square deviation (LSTM-R), and the proposed GBPRT method measured by MAE, MAPE, and SMAPE (n = 34,560).  

Route HWS HWDS ExpDS LSTM-H LSTM-R GBPRT 

MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 10.78 5.81 5.95 10.71 5.77 5.91 10.08 5.36 5.50 11.28 6.23 6.37 13.33 7.51 7.71 6.62 3.28 3.44  
(33.47) (7.63) (9.23) (33.27) (7.60) (9.20) (33.14) (7.44) (9.02) (32.53) (7.46) (8.80) (33.92) (7.05) (9.33) (29.25) (6.63) (7.49) 

R2 5.92 5.17 5.34 5.83 5.08 5.25 5.45 4.64 4.83 7.27 6.97 6.87 8.53 8.39 8.50 4.36 3.25 3.65  
(23.19) (8.78) (10.82) (22.82) (8.47) (10.56) (22.69 (8.11) (10.33) (21.37) (9.25) (10.05) (23.19) (7.25) (10.29) (23.31) (7.24) (10.45) 

R3 11.00 7.96 8.30 10.76 7.78 8.11 10.15 7.16 7.52 14.40 12.09 11.91 12.62 9.78 10.13 7.89 4.48 5.30  
(35.90) (11.94) (14.89) (35.24) (11.57) (14.51) (34.96) (11.05) (14.08) (33.93) (13.16) (13.92) (36.49) (11.86 (15.28) (36.63) (10.32) (14.99) 

R4 15.02 11.01 11.36 14.32 10.36 10.82 13.88 9.89 10.37 17.02 15.15 14.51 18.03 14.89 15.63 11.02 5.72 7.16  
(46.06) (18.62) (20.98) (44.56) (16.96) (19.98) (44.14) (16.39) (19.55) (40.23) (21.31) (18.79) (45.82) (12.54) (19.30) (46.57) (13.88) (20.60) 

R5 35.22 9.27 9.34 35.27 9.14 9.27 32.30 8.28 8.42 35.51 10.53 10.44 40.94 11.03 11.92 28.84 6.18 6.63  
(1.13)† (16.50) (17.52) (1.15)† (16.68) (17.94) (1.10)† (14.77) (16.38) (98.11 (13.26) (13.94) (1.15)† (11.06) (16.54) (1.30)† (27.34) (18.22) 

R6 51.56 20.54 17.67 52.07 20.02 17.43 41.89 16.20 14.21 37.34 14.71 14.72 36.88 14.10 13.75 34.21 11.31 11.29  
(97.18) (34.67) (24.78) (1.01)† (34.73) (25.29) (83.08) (28.53) (20.41) (66.01) (19.16) (18.38) (68.93) (18.63) (17.29) (83.15) (21.94) (20.59) 

R7 5.71 12.51 11.61 5.68 12.37 11.47 5.04 10.92 10.24 6.47 15.43 15.85 6.08 14.06 13.41 3.92 7.26 7.50  
(13.49) (20.41) (17.28) (13.79) (21.25) (17.76) (12.53) (17.94) (15.58) (12.75) (18.76) (20.85) (12.68) (17.29) (15.81) (12.63) (12.71) (14.42 

R8 60.38 18.03 16.35 59.23 17.69 16.05 54.50 16.18 14.83 56.58 18.04 17.26 61.26 19.32 17.42 41.99 10.40 10.69  
(1.14)† (26.02) (20.59) (1.14)† (25.96) (20.38) (105.59) (22.98) (18.75) (95.12) (22.13) (18.14) (1.01)† (22.34) (18.16) (1.07)† (16.06) (17.71) 

R9 34.09 24.60 21.26 32.33 23.68 20.34 28.69 20.44 17.97 25.73 18.02 17.23 28.75 21.30 19.21 20.98 12.37 12.41  
(54.96) (35.19) (26.74) (52.18) (34.92) (25.45) (48.08) (29.33) (22.79) (42.59) (21.84) (19.50) (42.79) (24.97) (19.93) (47.43) (21.87) (20.95) 

R10 32.55 15.09 13.02 28.58 13.12 11.91 27.21 12.50 11.38 38.74 22.21 19.95 36.49 19.51 18.07 20.16 7.16 7.49  
(87.83) (37.02) (25.03) (76.78) (28.71) (22.40) (74.30) (27.61) (21.43) (61.64) (21.73) (18.17) (68.16) (22.22) (19.72) (72.88) (21.98) (20.05) 

R11 45.48 25.87 22.29 39.28 21.70 19.45 35.93 19.51 17.75 35.68 23.21 20.24 38.20 25.03 22.39 29.62 12.08 12.99  
(91.04) (46.06) (31.90) (83.85) (37.58) (28.76) (79.29) (34.00) (26.42) (69.64) (35.88) (24.27) (71.40) (36.04) (24.19) (83.39) (29.49) (27.26) 

Mean 27.97 14.17 12.95 26.73 13.34 12.37 24.10 11.92 11.18 26.00 14.78 14.12 27.37 14.99 14.38 19.05 7.59 8.05 
Std 64.53 23.90 19.98 62.94 22.22 19.29 58.91 19.83 17.70 52.17 18.54 16.80 56.28 17.39 16.89 61.05 17.22 17.52 

†.× 102 
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L
(k+1)
s (φ)=

∑

i∈L(s)

L

(

ŷ(k+1)
L , yi

)

+
∑

i∈R(s)

L

(

ŷ(k+1)
R , yi

)

+
∑

k∈[1,T ]

Ω(tk),

=
∑

i∈L(s)

L

(

ŷ(k)
L + tk+1(xi), yi

)

+
∑

i∈R(s)

L

(

ŷ(k)
R + tk+1(xi), yi

)

+
∑

k∈[1,T ]

Ω(tk).

(10) 

We approximate Equation (10) as: 

L
(k+1)

≈C +Ω(tk+1) +
∑n

i=1

(
1
2
h(L,R)

i tk+1(xi)
2
+ g(L,R)

i tk+1(xi)

)

, (11)  

where constant C is independent of tk+1 as in Equation (4). Here, g(L)i =

∂L (̂yL ,yi)

∂ ŷL
|
ŷL=ŷ

(k)
L

, g(R)i =
∂R (̂yR ,yi)

∂ ŷR
|
ŷR=ŷ

(k)
R

, h(L)
i =

∂2L (̂yL ,yi)

∂ ŷ
2
L

|
ŷL=ŷ

(k)
L

, and h(R)
i =

∂2R (̂yR,yi)

∂ ŷ
2
L

|
ŷR=ŷ

(k)
R

. Leaving out C , the objective of the (k+ 1)-th iteration 

is then: 

L̃
(k+1)

=Ω(tk+1) +
∑n

i=1

(
1
2

h(L,R)
i tk+1(xi)

2
+ g(L,R)

i tk+1(xi)

)

. (12) 

We shall note that the regularizer Ω can be specified in different 
forms for the underlying model. Based on the Rademacher complexity 
framework, Lefakis et al. (2019) present the upper bounds of regularized 
regression decision tree algorithms. 

For the j-th leaf, by defining Ij = {i | q(xi)= j} as its component set 
and expanding Ω( ⋅), Equation (12) can be written as: 

L̃
(k+1)

= γ T +
1
2
∑T

j=1
λ ω2

j +
∑n

i=1

(
1
2
h(L,R)

i tk+1(xi)
2
+ g(L,R)

i tk+1(xi)

)

,

=
∑T

j=1

(

ωj

∑

i∈Ij

g(L,R)
j +

ω2
j

2
∑

i∈Ij

(
λ + h(L,R)

i
)
)

+ γ T .

(13) 

The optimal weight ω∗
j of the j-th leaf in a fixed structure q(xi) is: 

ω∗
j =

−
∑

i∈Ij
g(L,R)

i
∑

i∈Ij
h(L,R)

i + λ
, (14)  

and its optimal value is then: 

L̃
(k+1)

(q)= −
1
2
∑T

j=1

(∑
i∈Ij

g(L,R)
i

)2

∑
i∈Ij

h(L,R)
i + λ

+ γ T. (15) 

Equation (15) serves as a quality measure of q such as an impurity 
score for evaluating decision trees. 

3.4. Training process of the proposed GBPRT algorithm 

In Equation (12), Is stands for the data in leafs of tk+1( ⋅), and 
therefore: 

L̃
(k+1)

=Ω(tk+1) +
∑

s

∑

i∈Is

(
1
2
h(L,R)

i tk+1(xi)
2
+ g(L,R)

i tk+1(xi)

)

. (16) 

On each leaf s, we set up a linear model: 

fs(xi) = αs +
∑

j=1

ms

βs,jxi,ks,j , (17)  

where {xi,ks,j}
ms
j=1 is a subset of {xi,j}

ms
j=1. The features {ks,j}

ms
j=1 are re-

gressors for leaf s. Here, we use the regularization term: 

Ω(tk) = λ
∑

s∈tk+1

ω(fs), (18)  

where ω(fs) are parameters of the L2 norm for the model of leaf s. It 
prevents the overfitting of using linear models with too many leaves. 
Dropping off the notation of k, then when we only consider the loss of a 
single leaf s, Equation (16) can be written as follows: 

Table 7 
Prediction performance with K-nearest neighbors of travel time with a backward period of 5, 15, 30, and 60 min for holidays and working days.  

Route Holidays 
K = 5 min K = 15 min K = 30 min K = 60 min 
MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 7.74 4.60 4.62 7.90 4.71 4.72 8.07 4.82 4.84 8.41 5.05 5.06 
R2 3.74 3.71 3.85 3.81 3.78 3.93 3.87 3.85 4.00 4.01 4.01 4.16 
R3 6.59 4.79 5.23 6.75 4.93 5.38 6.90 5.06 5.52 7.16 5.30 5.78 
R4 9.00 6.95 7.39 9.18 7.15 7.59 9.37 7.34 7.78 9.74 7.72 8.17 
R5 45.59 10.71 10.97 47.03 11.19 11.38 48.43 11.65 11.78 51.21 12.56 12.59 
R6 61.10 18.05 17.45 62.85 18.71 18.08 64.56 19.34 18.72 67.79 20.53 19.93 
R7 6.78 13.41 13.24 7.16 14.31 14.07 7.53 15.18 14.87 8.22 16.77 16.40 
R8 58.22 15.52 14.72 61.34 16.53 15.60 64.30 17.48 16.43 68.98 19.02 17.80 
R9 19.39 14.71 13.52 20.81 15.82 14.51 21.94 16.71 15.33 23.52 17.92 16.45 
R10 21.21 10.06 8.93 22.62 10.75 9.48 23.80 11.37 9.94 25.50 12.33 10.57 
R11 43.15 24.59 22.28 44.70 25.66 23.18 46.21 26.70 24.05 49.09 28.61 25.73 
Mean 25.68 11.55 11.11 26.74 12.14 11.63 27.73 12.68 12.12 29.42 13.62 12.97 
Std 22.08 6.49 5.80 22.93 6.84 6.10 23.77 7.18 6.39 25.24 7.76 6.92 
Route Working days  

K = 5 min K = 15 min K = 30 min K = 60 min  
MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 11.96 6.35 6.53 11.96 6.35 6.53 12.43 6.65 6.82 13.24 7.17 7.33 
R2 6.50 5.69 5.84 6.50 5.69 5.84 6.74 5.96 6.10 7.18 6.45 6.58 
R3 12.14 8.87 9.16 12.14 8.87 9.16 12.51 9.24 9.51 13.18 9.88 10.14 
R4 17.42 12.47 12.88 17.42 12.47 12.88 17.94 13.01 13.38 18.67 13.82 14.13 
R5 30.59 8.75 8.69 30.59 8.75 8.69 31.72 9.14 9.07 33.72 9.81 9.74 
R6 43.87 19.47 16.34 43.87 19.47 16.34 45.92 20.40 17.22 48.90 21.65 18.57 
R7 6.57 14.83 13.43 6.57 14.83 13.43 7.08 16.13 14.58 7.89 18.22 16.56 
R8 71.71 21.85 19.51 71.71 21.85 19.51 76.36 23.42 20.87 82.74 25.61 22.83 
R9 43.07 30.45 26.22 43.07 30.45 26.22 45.97 32.60 28.03 50.47 35.93 30.93 
R10 39.51 17.98 15.98 39.51 17.98 15.98 41.80 19.23 16.92 44.84 21.03 18.21 
R11 44.79 25.03 21.97 44.79 25.03 21.97 47.59 27.08 23.56 52.34 30.63 26.33 
Mean 29.83 15.61 14.23 29.83 15.61 14.23 31.46 16.62 15.10 33.93 18.20 16.49 
Std 20.78 8.10 6.54 20.78 8.10 6.54 22.16 8.77 7.07 24.13 9.81 7.92  
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Table 8 
Predictive performance of the six methods: the Holt-Winters method with a daily seasonal effect (HWS), Holt-Winters method with double seasonality (HWDS), exponential moving average with double seasonality 
(ExpDS), LSTM driven by the Huber loss function (LSTM-H), LSTM driven by the root mean square deviation (LSTM-R), and the proposed GBPRT method for holidays and working days measured by MAE, MAPE, and 
SMAPE.  

Route Holidays 
HWS HWDS ExpDS LSTM-H LSTM-R GBPRT 
MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 7.48 4.46 4.49 10.88 6.77 6.60 7.78 4.57 4.61 7.65 4.61 4.73 11.98 7.61 7.53 4.60 2.63 2.70 
R2 4.05 4.10 4.16 5.66 6.09 5.91 3.82 3.82 3.97 4.75 4.98 5.00 7.82 8.81 8.66 3.20 3.07 3.27 
R3 7.61 5.81 6.11 11.04 9.48 9.31 7.18 5.21 5.66 9.98 8.83 8.93 10.51 9.20 9.30 6.10 4.18 4.71 
R4 10.24 8.37 8.51 13.39 12.12 11.60 9.94 7.74 8.14 13.17 13.27 13.13 15.19 15.11 15.05 7.78 5.22 6.07 
R5 50.59 12.40 12.33 52.04 11.34 12.67 48.13 10.87 11.34 41.32 10.77 10.99 53.51 12.72 14.30 55.57 14.01 10.34 
R6 75.52 24.15 22.41 92.97 26.42 27.19 64.00 18.80 18.07 54.89 16.72 17.63 55.48 15.50 16.20 58.12 14.52 16.43 
R7 6.68 13.76 13.07 8.07 16.86 15.68 6.34 12.85 12.43 7.01 15.42 16.30 6.35 13.07 13.09 5.90 9.73 10.80 
R8 57.19 16.07 14.65 76.88 23.73 20.26 56.70 16.02 14.92 52.93 16.84 16.04 56.07 16.84 15.31 50.44 11.45 12.09 
R9 21.03 16.71 14.47 36.01 34.04 24.36 17.42 13.57 12.37 17.08 13.75 13.10 19.55 16.47 14.98 12.93 8.53 8.58 
R10 24.76 12.14 9.70 28.67 16.11 12.73 20.14 10.00 9.05 31.81 19.58 17.69 27.22 15.55 14.50 14.07 6.31 5.78 
R11 45.91 26.24 24.00 46.02 27.00 23.39 39.87 23.22 20.69 35.92 23.08 19.13 37.28 23.92 20.37 35.47 16.95 16.40 
Mean 28.28 13.11 12.17 34.69 17.27 15.43 25.57 11.52 11.02 25.14 13.44 12.97 27.36 14.07 13.57 23.11 8.78 8.83 
Std 24.86 7.41 6.61 29.62 9.28 7.35 22.36 6.17 5.42 18.89 5.79 5.04 19.87 4.60 3.75 22.19 4.96 4.84 
Route Working Days  

HWS HWDS ExpDS LSTM-H LSTM-R GBPRT  
MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 11.75 6.21 6.39 10.84 5.55 5.79 10.71 5.57 5.75 12.43 6.78 6.92 13.71 7.48 7.77 7.29 3.52 3.70 
R2 6.27 5.45 5.62 5.76 4.77 5.03 5.90 4.87 5.07 7.81 7.50 7.32 8.45 8.13 8.30 4.46 3.24 3.66 
R3 11.81 8.49 8.82 10.63 7.27 7.74 10.97 7.70 8.03 15.57 13.05 12.76 13.42 10.27 10.59 8.23 4.51 5.39 
R4 16.76 11.73 12.18 14.57 9.79 10.55 14.97 10.48 10.99 18.73 15.98 15.12 19.17 14.79 15.79 12.30 5.88 7.52 
R5 28.82 8.12 8.12 29.99 8.48 8.24 27.91 7.57 7.62 32.25 10.31 10.05 34.80 10.22 10.77 20.82 4.47 5.30 
R6 44.01 19.17 16.12 40.84 17.99 14.70 35.76 15.47 13.14 31.61 13.81 13.52 31.09 13.45 12.78 26.38 10.00 9.50 
R7 5.54 12.10 11.24 4.96 10.97 10.22 4.68 10.38 9.64 6.35 15.07 15.30 6.14 14.23 13.45 3.52 6.57 6.67 
R8 62.67 18.50 16.92 54.00 15.85 14.80 53.89 16.22 14.80 58.52 18.19 17.47 63.82 19.84 17.88 41.42 10.12 10.46 
R9 38.07 26.60 23.21 31.75 20.72 19.32 31.81 22.34 19.52 28.52 19.25 18.52 31.51 22.54 20.36 23.27 13.21 13.42 
R10 35.19 15.75 14.00 29.01 12.23 11.73 29.17 13.19 12.02 40.86 22.82 20.48 39.52 20.60 19.05 22.09 7.26 7.98 
R11 45.66 25.76 21.79 37.89 20.52 18.56 34.84 18.48 16.93 35.81 22.86 20.30 38.79 25.12 22.84 28.59 10.75 12.09 
Mean 27.87 14.35 13.13 24.57 12.19 11.52 23.69 12.03 11.23 26.22 15.06 14.34 27.31 15.15 14.51 18.03 7.23 7.79 
Std 18.85 7.44 5.92 16.22 5.78 4.84 15.43 5.62 4.61 15.85 5.50 4.77 17.18 6.05 5.05 11.91 3.34 3.28  
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L̃ s = ω(fs) +
∑

i∈Is

(
1
2
h(L,R)

i fs(xi)
2
+ g(L,R)

i fs(xi)

)

. (19) 

When fitting an optimal linear model for leaf s with {ks,j}
ms
j=1, the size 

of the base tree model of the regression tree defines the degree of feature 
interaction (i.e., collective effect of multiple features on the prediction) 
that can be captured by the gradient boosting model. It is unaffordable 
to use all features to fit the base tree model, and therefore we need to 
prune the features. When partitioning L(s) and R(s), we need not use all 
the same features to train the model. If this results in a significant 
reduction of L ( ⋅), then we recognize that features qL and qR contains 
relatively important information for fitting trees of L(s) and R(s), 
respectively. The features for each leaf s in Equation (17) can be trained 
as a linear model for L(s) and R(s) respectively as: 

fL(s)(xi) = αL(s) +
∑

j=1

ms

βL(s),jxi,ks,j + βL(s),ms+1xi,q , (20)  

fR(s)(xi) = αR(s) +
∑

j=1

ms

βR(s),jxi,ks,j + βR(s),ms+1xi,q . (21)  

With incremental feature selection, once the feature number reaches a 
pre-set threshold d, new features will not be added to subsequent nodes. 
Determining the parameters in Equations (20) and (21) requires 
rescaling the parameters of regressors shared by the parent node. For a 
reasonable trade-off between accuracy and efficiency, we apply the 
following models for L(s) and R(s): 

fL(s)(xi) = αL(s) + θ

(
∑

j=1

ms

βs,jxi,ks,j

)

+ βL(s),ms+1xi,q , (22)  

fR(s)(xi) = αR(s) + θ

(
∑

j=1

ms

βs,jxi,ks,j

)

+ βR(s),ms+1xi,q . (23) 

Accordingly, L(s) and R(s) take the value of 
∑ms

j=1βs,jxi,ks,j as an 
ensemble regressor to learn parameters αL(s), αR(s), βL(s),ms+1, βR(s),ms+1, and 
the scaling parameter θ, respectively. 

3.5. Optimization for loss reduction 

Let βs = [α, βs,1,…, βs,ms
]
T and substitute fs(xi) into Equation (19). 

Thus, we can get the loss function expressed in terms of βs: 

L̃ s =
∑

i∈Is

(
1
2
h(L,R)

i

(

αs +
∑

j=1

ms

βs,jxi,ks,j

)2

+g(L,R)
i

(

αs +
∑

j=1

ms

βs,jxi,ks,j

))

+
λ
2

⃒
⃒
⃒
⃒
⃒

⃒
⃒
⃒
⃒
⃒
βs

⃒
⃒
⃒
⃒
⃒

⃒
⃒
⃒
⃒
⃒

2

2

.

(24) 

Let H = diag(h1, h2, …, hn), g = [g1,g2,…,gn]
T, Hs is the submatrix of 

H, and gs is the subvector of g by selecting hi and gi ∀ i∈ Is. Let Xs be 
augmented by a unit vector to the matrix that contains features {ks,j}

ms
j=1 

in Is. The loss function L̃ s in matrix form is then: 

L̃ s =
1
2
βT

s

(
XT

s HsXs + λI
)
βs + gT

s Xs βs. (25) 

The optimal value of β can be calculated from: 

β∗
s = −

(
XT

s HsXs + λI
)− 1Xs gs. (26) 

Equation (25) fits a linear function on the data in leaf s whose pa-
rameters minimize Equation (12). The minimum loss of leaf s is then: 

L̃ s =
1
2
gT

s Xs
(
XT

s HsXs + λI
)− 1XT

s gs. (27) 

Two components: 

XT
s HsXs =

∑

i∈s
hixixT

i , XT
s gs =

∑

i∈s
gixi  

in Equation (27) require a summation over the leaf data. For simplicity, 

Table 9 
Prediction performance with K-nearest neighbors of travel time with a backward period of 5, 15, 30, and 60 min for peak and off-peak hours.  

Route Peak Hours 
K = 5 min K = 15 min K = 30 min K = 60 min 
MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 21.68 9.73 10.10 21.33 9.43 9.90 20.78 9.02 9.63 19.90 8.33 9.27 
R2 15.45 11.56 11.83 15.09 11.02 11.51 14.73 10.48 11.23 13.97 9.42 10.66 
R3 28.71 16.29 17.73 28.68 16.04 17.74 28.75 15.91 17.85 28.63 15.40 17.91 
R4 46.55 26.34 28.46 45.78 24.57 27.80 44.66 22.59 26.95 43.11 19.93 25.70 
R5 50.49 11.53 12.86 52.20 12.00 13.46 53.84 12.44 14.05 56.64 13.14 15.10 
R6 108.58 45.52 33.35 103.07 41.93 32.90 94.18 36.44 31.87 76.28 25.72 28.36 
R7 12.51 18.20 20.11 13.47 19.20 22.12 14.31 20.30 24.04 15.77 22.81 27.76 
R8 139.52 27.65 29.88 147.02 28.10 32.20 154.99 29.04 34.56 165.44 30.35 37.87 
R9 59.39 34.01 30.35 66.45 35.62 34.63 73.17 36.80 38.77 82.49 37.41 44.77 
R10 122.22 55.52 43.65 124.51 53.79 43.95 120.56 48.30 42.26 102.87 32.41 35.35 
R11 114.17 47.91 46.84 117.12 47.02 48.00 119.09 45.46 48.72 121.55 41.80 49.72 
Mean 65.39 27.66 25.92 66.79 27.16 26.75 67.19 26.07 27.27 66.06 23.34 27.50 
Std 47.04 16.15 12.53 48.28 15.47 12.94 48.87 14.04 13.17 49.07 11.29 13.52 
Route Off-Peak Hours  

K = 5 min K = 15 min K = 30 min K = 60 min  
MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 9.70 5.42 5.57 10.27 5.80 5.92 10.92 6.22 6.31 12.04 6.96 6.98 
R2 4.60 4.32 4.46 4.95 4.73 4.82 5.30 5.15 5.18 5.95 5.92 5.84 
R3 8.68 7.07 7.17 9.15 7.57 7.61 9.59 8.03 8.01 10.39 8.89 8.74 
R4 11.45 9.24 9.40 12.31 10.29 10.19 13.12 11.29 10.93 14.27 12.72 12.04 
R5 25.58 7.77 7.47 26.70 8.17 7.83 27.74 8.54 8.17 29.59 9.21 8.77 
R6 29.31 13.37 12.08 33.19 15.42 13.35 37.21 17.50 14.58 43.97 20.91 16.80 
R7 4.81 12.50 10.74 5.32 14.05 11.86 5.77 15.38 12.88 6.47 17.39 14.54 
R8 53.00 18.61 15.79 58.12 20.73 17.22 62.18 22.41 18.40 67.83 24.76 20.12 
R9 36.22 26.89 23.08 38.86 29.52 24.70 41.07 31.85 26.09 44.70 35.66 28.43 
R10 21.30 9.48 9.67 24.19 11.52 10.94 27.60 13.99 12.35 34.37 18.98 15.13 
R11 28.75 18.39 15.52 31.75 21.07 17.27 34.69 23.76 19.02 39.86 28.61 22.12 
Mean 21.22 12.10 10.99 23.16 13.53 11.97 25.02 14.92 12.90 28.13 17.27 14.50 
Std 15.19 6.83 5.42 16.69 7.64 5.90 17.98 8.37 6.31 20.02 9.65 7.02  
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Table 10 
Prediction performance of six methods: the Holt-Winters method with a daily seasonal effect (HWS), Holt-Winters method with double seasonality (HWDS), exponential moving average with double seasonality (ExpDS), 
LSTM driven by the Huber loss function (LSTM-H), LSTM driven by the root mean square deviation (LSTM-R), and the proposed GBPRT method for peak and off-peak hours measured by MAP, MAPE, and SMAPE.  

Route Peak Hours 
HWS HWDS ExpDS LSTM-H LSTM-R GBPRT 
MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 23.37 10.95 11.13 21.29 9.47 9.83 21.00 9.68 9.85 19.30 8.44 8.96 20.23 8.26 9.47 13.24 5.36 5.75 
R2 16.39 12.71 12.81 14.67 10.49 11.01 15.51 11.23 11.52 13.36 9.82 10.08 13.62 8.85 10.25 11.03 6.22 7.45 
R3 31.66 19.00 20.21 27.86 15.02 16.86 28.41 15.95 17.29 27.00 15.58 16.88 26.58 12.60 15.88 24.32 10.78 13.79 
R4 52.15 33.18 33.22 44.30 24.77 26.91 46.26 27.84 28.82 42.25 26.81 26.09 42.45 18.84 24.98 39.02 16.18 21.54 
R5 52.22 12.31 13.54 50.25 11.17 12.48 51.05 11.28 12.49 50.39 13.30 13.69 51.86 11.61 13.47 43.77 8.44 10.36 
R6 124.98 53.19 38.65 109.35 45.42 33.30 109.22 46.55 33.56 71.95 27.73 24.48 69.22 26.39 23.92 67.99 24.95 21.74 
R7 13.89 23.86 23.09 11.22 17.30 18.14 10.52 16.87 16.55 11.84 17.42 20.21 11.64 16.42 18.79 9.55 14.87 14.46 
R8 158.58 36.85 34.61 124.53 26.13 26.73 120.02 26.33 25.20 118.47 24.68 25.41 126.63 25.45 26.90 117.54 24.19 24.41 
R9 71.67 45.94 37.61 53.37 29.68 27.38 51.06 31.73 25.88 47.28 26.79 24.40 49.82 30.03 26.14 40.61 20.86 19.32 
R10 125.20 59.50 44.05 95.01 41.85 34.46 101.39 48.93 37.44 92.80 44.87 35.96 99.83 45.70 38.10 69.20 22.16 22.16 
R11 125.19 59.90 50.52 103.76 44.33 42.04 99.38 43.36 40.98 86.79 39.93 34.98 90.92 41.34 35.96 88.58 27.41 33.27 
Mean 72.30 33.40 29.04 59.60 25.06 23.56 59.44 26.34 23.60 52.86 23.22 21.92 54.80 22.32 22.17 47.71 16.49 17.66 
Std 52.16 19.03 13.56 41.34 13.78 10.65 40.72 14.73 10.84 35.50 11.77 9.02 38.00 12.76 9.61 34.78 7.94 8.18 
Route Off-Peak Hours  

HWS HWDS ExpDS LSTM-H LSTM-R GBPRT  
MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 9.65 5.36 5.54 8.95 4.84 5.06 8.86 4.83 5.01 11.19 6.48 6.55 12.53 7.33 7.46 6.22 3.19 3.33 
R2 4.45 4.14 4.32 4.16 3.74 3.95 4.16 3.72 3.91 6.81 7.09 6.83 7.52 8.00 7.95 3.28 2.70 2.98 
R3 8.23 6.59 6.77 7.52 5.87 6.10 7.83 6.22 6.36 13.51 12.59 12.02 11.05 9.85 9.63 5.33 3.37 3.87 
R4 10.37 7.86 8.39 9.20 7.09 7.60 9.33 7.35 7.78 14.49 14.02 13.14 14.97 14.06 14.13 7.48 4.03 5.00 
R5 24.60 7.37 7.15 26.34 7.99 7.48 23.74 6.90 6.74 28.98 9.78 9.39 31.73 9.97 10.29 16.68 3.75 4.39 
R6 29.41 13.03 12.05 28.49 13.05 11.34 22.52 9.87 9.45 24.34 11.30 11.55 24.22 11.11 10.77 18.88 7.30 7.29 
R7 4.04 9.97 9.10 3.83 9.83 8.79 3.63 9.21 8.39 5.36 14.65 14.41 5.14 13.84 12.48 2.43 5.07 5.27 
R8 45.38 15.19 13.73 41.28 14.00 12.65 41.96 14.40 12.92 47.71 17.02 16.04 52.49 18.83 16.25 27.70 7.58 7.95 
R9 32.01 23.11 20.61 27.86 19.10 17.87 28.33 20.65 18.38 25.14 17.89 17.46 28.21 21.19 19.32 20.14 11.83 12.35 
R10 18.96 7.86 8.58 17.11 6.89 7.63 16.14 6.75 7.44 31.49 18.85 17.68 28.64 16.08 15.61 13.60 4.57 5.43 
R11 31.32 19.60 16.61 26.02 16.22 14.32 23.21 14.00 12.60 26.61 19.79 17.66 29.39 22.20 20.47 17.78 7.75 8.27 
Mean 19.86 10.92 10.26 18.25 9.88 9.35 17.25 9.45 9.00 21.42 13.59 12.98 22.35 13.86 13.13 12.68 5.56 6.01 
Std 13.65 6.12 5.00 12.43 5.02 4.24 11.91 5.04 4.18 12.59 4.59 4.13 13.85 5.18 4.41 8.24 2.77 2.76  
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xi can be used as a column vector of selected features. We partition 
matrix Xs into sub-matrices XL(s) and XR(s) with xi,j ≤ c, where xi,j is the j- 
th feature of xi ∈ R

m. With the notations HL(s), HR(s), gL(s), and gR(s), the 
results that fit a linear function on data in L(s) and R(s) are: 

β∗
L(s) = −

(
XT

L(s) HL(s)XL(s) + λI
)− 1XL(s) gL(s), (28)  

β∗
R(s) = −

(
XT

R(s) HR(s)XR(s) + λI
)− 1XR(s) gR(s). (29) 

Consequently, we have the minimum loss of L(s) and R(s) as: 

L̃
∗

L(s) =
1
2

gT
L(s)XL(s)

(
XT

L(s) HL(s)XL(s) + λI
)− 1XT

L(s)gL(s) , (30)  

L̃
∗

R(s) =
1
2
gT

R(s)XR(s)
(
XT

R(s) HR(s)XR(s) + λI
)− 1XT

R(s)gR(s). (31) 

The reduction of loss is then: 

E (s, j, c)= L̃
∗

L(s) + L̃
∗

R(s) − β∗
L(s). (32)  

3.6. Hyperparameters 

Just like conventional boosting methods, GBPDT applies multiple 
iterations during the training process. Each iteration produces a 
regression tree to model the temporal feature, and each tree is trained 
based on the predictive error of the previous regression. The re-
quirements for a regression tree try to balance a low variance and high 
bias. During the training process the accuracy of the final regression tree 
can be improved by reducing the bias via boosting the gradient. Due to 
these high bias and simplicity requirements, the size of each regression 
tree is limited as a weak model, and the resulting regression tree sum-
marizes all the weak trees obtained in each iteration. Letting the loss 
function fall along the gradient is the core of optimization. The value of 
the negative gradient of the loss function in the current model is used as 
an approximation of the residuals in the regression tree to fit the next 
regression tree. At each iteration of GBPDT, the negative gradient of the 

loss function under the current model is fitted. There are two types of 
hyper-parameters: tree-based parameters and boosting-based parame-
ters. Number of split, number of leaf, number of nodes, depth of tree, and 
number of features are the tree-based parameters, while learning rate, 
number of estimators, and subsample size are the boosting-based 
parameters. 

The size of the regression tree is a hyper-parameter that defines the 
degree to which the variables (features) can be captured by the inter-
action of gradient boosting; that is, multiple features collectively affect 
the prediction. Usually a tree of depth h can capture the interactions of 
rank h. There are two ways to control the size of a single regression tree. 
When specifying h as the maximum depth of a tree, a complete binary 
tree with depth h will be produced. This tree will have (at most) 2h leaf 
nodes and 2h − 1 split nodes. One can also control the tree size by 
specifying the number of leaf nodes. In this case, the tree will be 
generated using an optimal search, which is performed by selecting each 
time the node has the greatest improvement in impurity. A tree with 
maximum leaf node k has k − 1 split nodes, and so it can simulate in-
teractions with ranks up to k − 1; that is, the k − 1 feature jointly de-
termines the predicted value. 

As the tree increases, GBPRT will not overfit, but if the value of the 
learning rate is large, then it will. When reducing the learning rate and 
increasing the number of trees, the computation will be exhaustively 
large. Bergstra and Bengio (2012) point out that the determinant of 
hyper-parameters varies across data samples, and only a few 
hyper-parameters really matter. Bergstra and Bengio (2012) show the 
hyper-parameters can be selected based on a random search within the 
training data. 

4. Empirical study 

In this study, we apply the proposed method with traffic IoT data and 
show its performance. We introduce the data in Section 4.1. We show the 
computational methods in Sections 4.2. We report the results in Section 
4.3 and discuss their robustness in Section 4.4. 

Table 11 
Prediction performance with K-nearest neighbors of travel time with a backward period of 5, 15, 30, and 60 min for congestion.  

Route Congestion 
K = 5 min K = 15 min K = 30 min K = 60 min 
MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 259.01 54.33 77.07 260.50 54.65 77.71 261.96 54.96 78.37 264.69 55.60 79.64 
R2 203.07 63.03 94.52 204.84 63.60 95.75 206.57 64.15 96.93 209.22 65.08 98.87 
R3 234.30 63.57 95.18 236.27 64.21 96.49 238.25 64.87 97.83 241.56 65.89 100.01 
R4 291.27 71.69 113.51 295.03 72.71 115.81 298.29 73.62 117.85 302.97 74.98 120.96 
R5 736.14 64.99 99.38 740.35 65.41 100.23 744.39 65.79 101.05 756.23 67.10 103.63 
R6 341.67 45.90 63.17 351.63 47.28 65.80 361.62 48.66 68.46 377.80 50.86 72.92 
R7 88.08 57.53 84.60 90.82 59.68 88.85 93.58 61.79 92.90 98.52 65.56 100.27 
R8 701.86 60.44 89.81 726.33 62.55 94.20 751.13 64.70 98.70 792.64 68.17 106.31 
R9 283.45 61.28 91.89 288.76 62.41 94.26 292.91 63.25 96.20 299.05 64.57 99.10 
R10 432.40 62.78 97.24 457.69 66.47 104.29 478.84 69.63 110.46 506.80 73.87 119.16 
R11 496.94 70.14 113.59 502.26 71.00 115.49 508.19 71.89 117.50 517.64 73.23 120.54 
Mean 369.84 61.43 92.72 377.68 62.72 95.35 385.07 63.94 97.84 397.01 65.90 101.95 
Std 204.15 7.15 14.61 208.88 7.11 14.69 213.82 7.17 14.93 222.94 7.36 15.46 
Route No Congestion  

K = 5 min K = 15 min K = 30 min K = 60 min  
MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 8.69 5.36 5.33 9.05 5.60 5.55 9.45 5.86 5.81 10.14 6.32 6.24 
R2 4.16 4.60 4.51 4.35 4.82 4.72 4.55 5.04 4.93 4.90 5.46 5.33 
R3 7.39 6.87 6.75 7.72 7.20 7.07 8.02 7.52 7.36 8.56 8.07 7.89 
R4 9.66 9.59 9.22 10.10 10.10 9.67 10.49 10.56 10.07 11.07 11.26 10.70 
R5 24.12 8.15 7.74 25.34 8.58 8.14 26.49 8.98 8.51 28.53 9.70 9.19 
R6 38.34 17.55 14.61 40.45 18.61 15.50 42.22 19.46 16.28 44.93 20.67 17.52 
R7 5.08 12.80 11.45 5.59 14.13 12.58 6.04 15.32 13.62 6.77 17.28 15.42 
R8 54.37 18.37 16.09 59.03 20.04 17.46 62.99 21.46 18.66 68.44 23.49 20.40 
R9 32.01 24.62 20.93 34.87 26.81 22.73 37.37 28.70 24.32 41.21 31.60 26.83 
R10 24.30 14.04 11.68 26.28 15.28 12.54 27.90 16.35 13.25 30.07 17.90 14.23 
R11 36.27 22.66 19.55 38.91 24.58 21.04 41.38 26.42 22.47 45.67 29.64 24.99 
Mean 22.22 13.15 11.62 23.79 14.16 12.45 25.17 15.06 13.21 27.30 16.49 14.43 
Std 16.66 6.93 5.60 18.03 7.62 6.14 19.21 8.22 6.62 20.92 9.16 7.39  
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Table 12 
Prediction performance of six methods: the Holt-Winters method with a daily seasonal effect (HWS), Holt-Winters method with double seasonality (HWDS), exponential moving average with double seasonality (ExpDS), 
LSTM driven by the Huber loss function (LSTM-H), LSTM driven by the root mean square deviation (LSTM-R), and the proposed GBPRT method for congestions measured by MAP, MAPE and SMAPE.  

Route Congestion 
HWS HWDS ExpDS LSTM-H LSTM-R GBPRT 
MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 226.45 49.92 69.44 237.51 51.21 71.63 240.95 50.55 70.87 212.30 46.00 63.29 242.81 54.70 77.62 183.01 39.83 53.61 
R2 190.43 60.71 90.31 192.38 60.78 90.13 197.18 61.40 91.32 168.83 53.79 76.73 198.34 63.95 96.60 196.85 63.48 95.61 
R3 213.11 61.35 90.67 207.47 60.19 88.24 207.58 59.54 87.14 189.46 53.95 77.23 220.19 64.32 96.68 220.15 64.27 96.48 
R4 270.04 70.53 110.61 245.92 66.73 102.45 242.75 66.18 101.10 221.45 56.12 82.23 281.32 73.96 118.29 275.23 72.13 114.65 
R5 678.33 62.96 95.02 718.34 66.23 101.55 692.55 62.24 93.95 538.47 46.69 66.00 734.73 69.68 108.54 720.75 67.81 105.38 
R6 358.96 49.62 71.86 418.41 58.77 87.13 291.30 40.50 54.47 275.41 38.02 49.17 311.40 43.51 57.70 316.31 43.97 63.82 
R7 63.51 46.93 65.61 59.82 47.02 66.30 53.89 41.61 56.80 66.21 49.06 67.86 66.81 49.75 69.02 63.44 46.07 64.98 
R8 595.16 53.99 78.62 543.04 51.88 74.91 514.43 48.96 69.64 464.37 41.89 57.21 548.04 49.91 69.45 598.46 54.41 80.26 
R9 263.67 59.66 89.70 248.17 55.35 81.48 221.83 51.62 74.68 224.01 50.28 71.63 218.53 48.89 69.03 251.51 57.24 85.35 
R10 397.22 60.96 92.22 345.37 52.77 78.24 319.32 49.74 72.81 272.33 41.78 58.23 323.80 49.58 71.44 325.02 50.62 75.58 
R11 418.88 68.22 106.78 379.11 62.10 95.02 341.61 58.12 86.74 300.01 46.47 66.28 311.38 48.63 70.29 388.66 61.89 96.61 
Mean 334.16 58.62 87.35 326.87 57.55 85.19 302.13 53.68 78.14 266.62 47.64 66.90 314.30 56.08 82.24 321.76 56.52 84.76 
Std 180.99 7.66 14.61 183.25 6.41 11.87 171.69 8.45 15.12 132.94 5.69 9.80 181.78 10.11 19.50 189.55 10.46 19.02 
Route No Congestion  

HWS HWDS ExpDS LSTM-H LSTM-R GBPRT  
MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE 

R1 8.68 5.40 5.35 8.64 5.35 5.32 8.00 4.95 4.91 9.38 5.92 5.88 11.04 7.03 7.02 4.95 2.96 2.98 
R2 4.19 4.68 4.57 4.09 4.54 4.45 3.73 4.13 4.06 5.74 6.55 6.21 6.66 7.79 7.61 2.51 2.68 2.77 
R3 7.28 6.96 6.77 7.05 6.74 6.57 6.53 6.20 6.06 11.19 11.38 10.75 9.03 9.06 8.74 3.92 3.35 3.59 
R4 9.12 9.56 8.97 8.47 8.84 8.44 8.12 8.47 8.09 12.55 14.40 13.04 11.89 13.42 13.13 4.88 4.12 4.59 
R5 23.84 8.22 7.73 24.29 8.21 7.77 22.11 7.45 7.10 26.77 9.88 9.43 28.57 9.89 10.10 18.12 5.63 4.93 
R6 41.22 19.31 15.78 40.13 18.50 15.08 33.93 15.42 12.92 29.40 13.72 13.36 28.02 12.99 12.18 24.67 9.98 9.40 
R7 4.35 11.59 10.29 4.16 11.25 9.88 3.74 10.11 9.01 5.04 14.32 14.23 4.70 13.11 12.01 2.58 6.30 6.16 
R8 49.65 17.19 15.06 47.71 16.68 14.58 44.04 15.43 13.58 48.02 17.35 16.25 51.05 18.49 16.13 30.71 9.41 9.23 
R9 30.30 23.88 20.12 28.67 22.84 19.23 24.86 19.82 16.85 22.42 17.47 16.35 25.45 20.72 18.29 16.81 11.37 11.03 
R10 21.91 13.59 10.69 19.38 11.82 9.93 18.43 11.38 9.53 31.85 21.53 18.72 28.19 18.60 16.45 11.15 5.74 5.45 
R11 36.53 24.82 20.17 30.96 20.82 17.63 27.73 18.48 15.90 29.38 22.33 18.92 31.79 24.28 21.13 21.32 10.88 10.98 
Mean 21.55 13.20 11.41 20.32 12.33 10.81 18.29 11.08 9.82 21.07 14.08 13.01 21.49 14.12 12.98 12.88 6.58 6.47 
Std 16.14 7.18 5.58 15.23 6.41 5.05 13.51 5.47 4.39 13.47 5.43 4.54 14.11 5.68 4.57 9.97 3.28 3.14  
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4.1. The IIoT data 

In this study, the IIoT data are collected from January 1, 2016 to 
April 30, 2017 from the traffic information service (TISV) databank of 

the Freeway Bureau.8 We gather the V2I data (see Table 1), and the real- 
time data initially collected are transmitted to the databank every 
minute. We focus on the information provided by each vehicle detector 
(VD) and electronic toll collection system (i.e., automatic vehicle 

Fig. 2. Comparison of sensitivity and efficiency of the K-nearest neighbors method measured by MAE.  

8 It is the government agency under the Ministry of Transportation and 
Communications of Taiwan. 
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identification and eTag). The electronic toll collection system is an 
advanced intelligent traffic tolling technology. Vehicle drivers do not 
need to stop when they pass through toll lanes and thus are able to 
automatically pay tolls. It can be read for travel time when a vehicle 
passing through toll lanes. We summarize the variables collected by VD 
in Table 2. 

The original VD information can be divided into three catalogs ac-
cording to the type (size) of the vehicle, and each type contains three 

entries: speed, flow, and occupancy. Speed is the actual speed detected 
at the time point passing the gantry. Flow is the number of vehicles 
detected for a given route, while occupancy is how long a sensor detects 
a vehicle during a certain period of time. In order to improve the 
computability, all these entries are aggregated to several features at the 
frequency unit of 5 min. The detailed feature information is shown in 
Table 3. 

We summarize descriptive statistics of the data for all routes in 

Fig. 3. Comparison of sensitivity and efficiency of the K-nearest neighbors method measured by MAPE.  
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Table 4. We recognize that the data illustrate strong disnormality. 
Another form of data we use as the benchmark is Congestion Level 

Information aggregated by TISV. The congestion measurement bench-
mark is determined by speed, occupancy, travel time, and comprehen-
sive indicator to six congestion levels: 0: unknown/insufficient data; 1: 
smooth; 2: some cars; 3: more cars; 4: congestion; and 5: heavy 
congestion. We also consider some calendar data. We format the cal-
endar data as (1) weekday and weekend, (2) non-working day, public 

holidays, bridge day, and (3) special days.9 

In our empirical study, the training period is set from January 1 to 
December 31, 2016 (i.e., 366 days). The testing period for the non- 
adjacent one-step ahead prediction (i.e., prediction of travel time 30 

Fig. 4. Comparison of sensitivity and efficiency of the K-nearest neighbors method measured by SMAPE.  

9 For example, May 1 in Taiwan is not a statutory holiday, but some com-
panies will give employees a day off depending on their specific arrangements. 
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min later) is from January 1 to April 30, 2017 (i.e., 120 days). 

4.2. Empirical method 

In our empirical study we evaluate the proposed method (i.e., 
GBPRT) and its impact on categorical partitioning when making a real- 
time processing (i.e., using the real-time data at 5-min frequency for 
predicting travel time in 30 min). We generate four features from the 

original V2X data introduced in Section 4.1: flow, occupancy, speed, and 
index for our categorical partitioning such as holidays. Following 
Casadei et al. (2018), we predict travel time based on the analytics of the 
features. The training set has 105,408 (i.e., 288 × 366) observations and 
the forecasting set contains 34,560 (i.e., 288 × 120) outputs at 5-min 
frequency in total. Since different routes have different numbers of 
vehicle detectors, the input is different through routes; see Table 4. For 
example, Route 8 has 10 vehicle detectors, and we have an input matrix 

Fig. 5. Comparison of sensitivity and efficiency of the six methods measured by MAE.  
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with size of [105,408 × 40], while Route 3 has 4 vehicle detectors, and 
the input matrix has size of [105,408 × 16] where the four features (i.e., 
flow, occupancy, speed, and comprehensive indicator) are in columns 
and observations at 5-min intervals are in rows. When processing 
GBPRT, we set the batch size of training at 2016 (288 × 7) for each 
iteration, and then the one-step-ahead forecasting (i.e., one travel time) 
is generated. Following a moving window of time, we forecast a total of 
34,560 (288 × 120) datapoints. 

Section 3 highlights several major operations when applying the 
proposed methods. Based on the empirical data herein used, we imple-
ment six categorical partitions (see Section 3.2) with three exclusive 
pairs: (1) peak and non-peak hours, (2) working and non-working days, 
and (3) congestion and non-congestion hours. 

We start by assessing the predictive performance on traveling time 
forecasting. In addition to the method introduced in Section 3, we 
evaluate five different alternative forecasting methods. We first consider 

Fig. 6. Comparison of sensitivity and efficiency of the six methods measured by MAPE.  
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the K-nearest neighbors forecasting method. Based on the assumption 
that observations similar to the target are more likely to generate similar 
outcomes, the nearest neighbor prediction uses a relatively simple 
approach to predict complex non-linear behaviors (see Sun and Meinl, 
2012; Chen and Shah, 2018, and references therein). In our study, we set 
K at 5, 15, 30, and 60 min. 

We then consider two time series models. The Holt-Winters method 
models the illustrated seasonal variation in time-series data with either a 

multiplicative component or additive component. It assumes the length 
of seasonality is known. In our empirical work, we consider two different 
seasonality effects (1) daily (i.e., periodical length of 288): and (2) daily 
and weekly (i.e., periodical length of 2016). We also apply the double 
seasonal exponential moving average method in Arora and Taylor 
(2018), which is an extension of the Holt-Winters method. Following the 
moving window method in Sun et al. (2015), we conduct one-step ahead 
forecasting of travel time with the length of 30 min based on a training 

Fig. 7. Comparison of sensitivity and efficiency of the six methods measured by SMAPE.  
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set of travel time with the length of 2016 (i.e., one week) as we used for 
the machine learning methods. 

We finally apply the long short term memory (LSTM) prediction, 
which is a machine learning method based on a recurrent neural 
network (RNN) architecture, to process strongly related information/ 
signals in time and space sequences (see Fischer and Krauss, 2018; Kraus 
et al., 2020, for example). We consider two LSTM models that differ in 
loss functions; i.e., the Huber loss function, see Equation (33) and root 
mean square deviation (RMSD). Similarly, the batch size of training is 
2016 (288 × 7 days for each iteration and a total of 34,560 (288 × 120) 
one-step-ahead datapoints are predicted. 

For each forecasting method, we measure the predictive accuracy via 
the mean absolute error (MAE), mean absolute percentage error 
(MAPE), and symmetric mean absolute percentage error (SMAPE) 
defined as follows: 

MAE =

∑n

i=1
|yi − ŷi |

n
,

MAPE =
∑n

i=1

⃒
⃒
⃒
⃒
yi − ŷi

yi

⃒
⃒
⃒
⃒,

SMAPE =
∑n

i=1

|yi − ŷi |

(|yi| + |ŷi |)/2
.

We then investigate the robustness in terms of sensitivity and effi-
ciency of the investigated methods following the method applied in Sun 

and Meinl (2012). The sensitivity has a close relationship to the size of 
the training set, and efficiency correlates to the measurement of error 
(Chen et al., 2019). 

As to the proposed method described in Section 3, there are several 
hyper-parameters (see Section 3.6) whose value should be set in 
advance. For example, learning rate, number of leaves, minimum sam-
ple in one leaf, maximum number of nodes, and maximum depth of tree 
should be exogenously determined. There are three ways in business 
analytics to treat hyper-parameters. Chen et al. (2020) apply a countable 
set approach to validate all hyper-parameters in a predetermined set. 
Huber et al. (2019) select the hyper-parameters with a random search 
approach within the training data. Chen et al. (2019) use a convex 
programming approach to determine the hyper-parameters. As we have 
mentioned in Section 3.6, when there are many interactive 
hyper-parameters the methods based on a countable set and convex 
programming are not feasible and will increase computational exhaus-
tion. Therefore, we apply the random search approach employed by 
Huber et al. (2019), and the computation will be directed by the sto-
chastic gradient descent to find the optimal solution; see Toulis and 
Airoldi (2017) and references therein. 

The Huber loss function is used by GBPRT in order to improve the 
robustness of the squared loss function to the outliers as follows: 

Table 13 
Comparing predictive accuracy of GBPRT with four K-nearest neighbors predictions by a panel data regression of MAE, MAPE, and SMAPE. Here, β is the slope 
parameter and indicates the accuracy of GBPRT is higher when its value is significantly smaller than 1. CIL and CIH are the low and high bounds of confidence interval 
for β. t-statistics (× 102) and F-statistics (× 104) are reported to confirm the corresponding significance level (i.e., p < 0.0001).   

K = 5 min K = 15 min K = 30 min K = 60 min 

MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE  

β 0.7814 0.3919 0.6201 0.7350 0.3358 0.5698 0.6995 0.2958 0.5320 0.6540 0.2464 0.4823  
t-Stat 8.6290 3.9629 6.7045 7.9907 3.4784 6.2199 7.5799 3.1360 5.8925 7.1233 2.7054 5.4916 

No Partition F-Stat 74.4600 15.7000 44.9500 63.8500 12.1000 38.6900 57.4500 9.8340 34.7200 50.7400 7.3190 30.1600  
CIL  0.7797 0.3899 0.6183 0.7331 0.3339 0.5680 0.6977 0.2940 0.5302 0.6522 0.2446 0.4805  
CIH  0.7832 0.3938 0.6219 0.7368 0.3377 0.5716 0.7013 0.2977 0.5338 0.6558 0.2481 0.4840  
β 0.9400 0.5977 0.7815 0.8992 0.5248 0.7326 0.8624 0.5320 0.6902 0.8053 0.3703 0.6250  
t-Stat 4.2511 1.8872 3.7489 3.9872 1.6594 3.4551 3.7715 5.8925 3.2248 3.4736 1.1961 2.8988 

Holidays F-Stat 18.0700 3.5610 14.0500 15.9000 2.7540 11.9400 14.2200 34.7200 10.4000 12.0700 1.4310 8.4030  
CIL  0.9357 0.5915 0.7774 0.8948 0.5186 0.7284 0.8579 0.5302 0.6860 0.8008 0.3642 0.6208  
HCI 0.9443 0.6040 0.7856 0.9037 0.5310 0.7367 0.8668 0.5338 0.6944 0.8099 0.3763 0.6292  
β 0.7259 0.3488 0.5819 0.6791 0.2983 0.5328 0.6452 0.2636 0.4969 0.6041 0.2230 0.4513  
t-Stat 7.6755 3.7025 5.7139 7.0735 3.2469 5.3166 6.7180 2.9408 5.0594 6.3602 2.5838 4.7607 

Working Days F-Stat 58.9100 13.7100 32.6500 50.0300 10.5400 28.2700 45.1300 8.6480 25.6000 40.4500 6.6760 22.6600  
CIL  0.7240 0.3469 0.5799 0.6772 0.2965 0.5308 0.6433 0.2618 0.4950 0.6022 0.2213 0.4495  
CIH  0.7277 0.3506 0.5839 0.6810 0.3001 0.5347 0.6470 0.2653 0.4988 0.6059 0.2247 0.4532  
β 0.7351 0.3960 0.6360 0.7176 0.3947 0.6151 0.7151 0.4305 0.6071 0.7193 0.5747 0.6046  
t-Stat 3.1749 1.4682 2.3958 3.1711 1.3860 2.3927 3.2955 1.4214 2.4550 3.5939 1.6899 2.6154 

Peak Hours F-Stat 10.0800 2.1560 5.7400 10.0600 1.9210 5.7250 10.8600 2.0200 6.0270 12.9200 2.8560 6.8400  
CIL  0.7305 0.3907 0.6308 0.7132 0.3892 0.6101 0.7108 0.4246 0.6022 0.7154 0.5680 0.6000  
CIH  0.7396 0.4013 0.6412 0.7221 0.4003 0.6201 0.7193 0.4365 0.6119 0.7233 0.5814 0.6091  
β 0.5194 0.1971 0.3556 0.4448 0.1496 0.2995 0.3942 0.1193 0.2618 0.3363 0.0896 0.2190  
t-Stat 3.4626 1.9325 2.7441 3.0117 1.6281 2.4460 2.7359 1.4150 2.2464 2.4544 1.1977 2.0304 

off-peak Hours F-Stat 11.9900 3.7350 7.5300 9.0700 2.6510 5.9830 7.4850 2.0020 5.0460 6.0240 1.4350 4.1220  
CIL  0.5164 0.1951 0.3531 0.4419 0.1478 0.2971 0.3914 0.1177 0.2595 0.3336 0.0881 0.2168  
CIH  0.5223 0.1991 0.3582 0.4477 0.1514 0.3019 0.3970 0.1210 0.2641 0.3390 0.0910 0.2211  
β 0.9828 0.9621 0.9695 0.9561 0.9290 0.9279 0.9319 0.9008 0.8921 0.8966 0.8597 0.8399  
t-Stat 3.2607 2.7893 2.4852 3.0091 2.5838 2.2853 2.8245 2.4369 2.1437 2.6305 2.2632 1.9777 

Congestion F-Stat 10.6300 7.7800 6.1760 9.0550 6.6760 5.2220 7.9780 5.9390 4.5950 6.9200 5.1220 3.9110  
CIL  0.9769 0.9553 0.9618 0.9498 0.9220 0.9199 0.9254 0.8935 0.8840 0.8899 0.8522 0.8316  
CIH  0.9887 0.9689 0.9771 0.9623 0.9360 0.9358 0.9384 0.9080 0.9003 0.9033 0.8671 0.8482  
β 0.5033 0.3400 0.4865 0.4485 0.2857 0.4388 0.4114 0.2472 0.4042 0.3672 0.1998 0.3598  
t-Stat 4.3632 3.4555 5.1525 3.9770 2.9929 4.7555 3.7329 2.6628 4.4872 3.4474 2.2416 4.1508 

No Congestion F-Stat 19.0400 11.9400 26.5500 15.8200 8.9580 22.6200 13.9300 7.0910 20.1300 11.8800 5.0250 17.2300  
CIL  0.5010 0.3381 0.4847 0.4463 0.2838 0.4370 0.4092 0.2454 0.4025 0.3651 0.1981 0.3581  
CIH  0.5055 0.3420 0.4884 0.4507 0.2876 0.4407 0.4135 0.2490 0.4060 0.3692 0.2016 0.3615  
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Table 14 
Comparing predictive accuracy of GBPRT with five alternative methods by a panel data regression of MAE, MAPE, and SMAPE. Here, β is the slope parameter and indicates the accuracy of GBPRT is higher when its value is 
significantly smaller than 1. CIL and CIH are the low and high bounds of confidence interval for β. t-statistics (× 102) and F-statistics (× 104) are reported to confirm the corresponding significance level (i.e., p < 0.0001).   

HWD HWDS ExpDS LSTM-H LSTM-R 

MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE MAE MAPE SMAPE  

β 0.7132 0.3930 0.5918 0.7629 0.4698 0.6493 0.8661 0.6046 0.7510 0.8795 0.5168 0.6058 0.8374 0.5274 0.6351  
t-Stat 3.2667 1.7711 2.842 3.8265 2.1513 3.3758 5.0241 3.0971 4.2895 3.6465 2.2761 2.5289 3.9104 2.2429 2.9022 

No Partition F-Stat 10.6700 3.1370 8.0770 14.6400 4.6280 11.4000 25.2400 9.5920 18.4000 13.3000 5.1810 6.3950 15.2900 5.0310 8.4230  
CIL 0.7089 0.3887 0.5877 0.7590 0.4655 0.6455 0.8628 0.6007 0.7476 0.8748 0.5123 0.6011 0.8332 0.5228 0.6308  
CIH 0.7175 0.3974 0.5959 0.7668 0.4741 0.6530 0.8695 0.6084 0.7544 0.8842 0.5212 0.6104 0.8416 0.5320 0.6394  
β 0.8259 0.4818 0.6696 0.7209 0.3701 0.5560 0.9674 0.7419 0.854 1.0538 0.5802 0.666 0.9589 0.6768 0.7418  
t-Stat 1.5905 0.79788 1.3234 1.4464 0.70245 1.2561 2.2549 1.3447 2.2225 3.5784 1.7425 2.3591 1.9296 1.1206 1.5049 

Holidays F-Stat 2.5300 0.6366 1.7520 2.0920 0.4934 1.5780 5.0850 1.8080 4.9400 12.8000 3.0360 5.5650 3.7230 1.2560 2.2650  
CIL 0.8157 0.4700 0.6597 0.7111 0.3598 0.5473 0.9590 0.7311 0.8465 1.0480 0.5737 0.6604 0.9492 0.6649 0.7321  
CIH 0.8361 0.4936 0.6795 0.7307 0.3804 0.5647 0.9758 0.7527 0.8615 1.0596 0.5867 0.6715 0.9687 0.6886 0.7514  
β 0.6747 0.37 0.5716 0.7849 0.5272 0.6934 0.8294 0.5691 0.7236 0.8254 0.4769 0.5823 0.7946 0.489 0.6078  
t-Stat 2.9112 1.6237 2.5433 3.8919 2.4082 3.4096 4.7032 2.9627 3.7526 3.3000 2.0119 2.2478 3.4795 2.0002 2.5226 

Working Days F-Stat 8.4750 2.6360 6.4680 15.1500 5.7990 11.6300 22.1200 8.7770 14.0800 10.8900 4.04800 5.05200 12.1100 4.0010 6.3630  
CIL 0.6702 0.3656 0.5672 0.781 0.5229 0.6895 0.8259 0.5654 0.7199 0.8205 0.4722 0.5772 0.7901 0.4842 0.6031  
CIH 0.6792 0.3745 0.5760 0.7889 0.5315 0.6974 0.8328 0.5729 0.7274 0.8303 0.4815 0.5873 0.7991 0.4938 0.6125  
β 0.6815 0.3010 0.5588 0.8268 0.5030 0.7170 0.8527 0.5252 0.7446 0.9085 0.5308 0.7282 0.8471 0.5227 0.7283  
t-Stat 2.8496 1.2865 2.1048 3.8267 1.8668 2.6773 4.0961 2.192 2.8077 3.3483 1.6042 2.1254 3.4160 1.5341 2.4484 

Peak Hours F-Stat 8.1200 1.6550 4.4300 14.6400 3.4850 7.1680 16.7800 4.8050 7.8830 11.2100 2.5740 4.5170 11.6700 2.3540 5.9950  
CIL 0.6768 0.2964 0.5536 0.8226 0.4977 0.7117 0.8487 0.5205 0.7394 0.9032 0.5243 0.7215 0.8422 0.5161 0.7225  
CIH 0.6862 0.3056 0.5640 0.831 0.5083 0.7222 0.8568 0.5299 0.7498 0.9139 0.5372 0.7349 0.8519 0.5294 0.7341  
β 0.6412 0.1762 0.4363 0.7768 0.3727 0.5569 0.7848 0.4244 0.5944 0.6561 0.1831 0.2702 0.6368 0.1890 0.3112  
t-Stat 4.5497 1.3587 3.1028 5.7293 2.7283 3.8916 5.9990 3.3463 4.2355 3.6789 1.4179 1.9460 3.7395 1.4707 2.2005 

Off-Peak Hours F-Stat 20.7000 1.8460 9.6270 32.8300 7.4440 15.1400 35.9900 11.2000 17.9400 13.5300 2.0100 3.7870 13.9800 2.1630 4.8420  
CIL 0.6384 0.1737 0.4336 0.7742 0.3700 0.5540 0.7822 0.4219 0.5916 0.6526 0.1806 0.2675 0.6334 0.1865 0.3084  
CIH 0.6439 0.1788 0.4391 0.7795 0.3754 0.5597 0.7873 0.4269 0.5971 0.6596 0.1856 0.2729 0.6401 0.1915 0.3140  
β 0.9625 1.0553 0.9202 0.9531 0.9705 0.9225 1.0375 1.0387 1.0621 1.1138 1.1077 1.1476 1.0081 0.9873 0.9976  
t-Stat 2.4464 1.4643 1.8249 2.2188 0.9579 1.6361 4.2952 3.6464 3.2601 2.3468 2.0844 1.7786 2.7782 2.3850 2.0646 

Congestion F-Stat 5.9850 3.3300 3.3300 4.9230 0.9176 2.6770 18.4500 13.300 10.6300 5.5070 4.3450 3.1630 7.7190 5.6880 4.2630  
CIL 0.9547 1.0412 0.9103 0.9447 0.9506 0.9114 1.0327 1.0331 1.0557 1.1045 1.0973 1.1350 1.0010 0.9792 0.9881  
CIH 0.9702 1.0695 0.9301 0.9615 0.9903 0.9335 1.0422 1.0443 1.0685 1.1231 1.1181 1.1603 1.0152 0.9954 1.0071  
β 0.6335 0.4353 0.7009 0.6032 0.3305 0.6707 0.6839 0.5143 0.6290 0.5920 0.3597 0.4037 0.5899 0.3693 0.4687  
t-Stat 5.1340 3.4233 6.7767 3.1104 1.5969 3.5203 5.9402 5.0650 6.5949 4.0467 3.0574 3.6431 4.1202 3.0392 4.2431 

No Congestion F-Stat 26.3600 11.7200 45.9200 9.6750 2.5500 12.3900 35.2900 25.6500 43.4900 16.3800 9.3480 13.2700 16.9800 9.2370 18.0000  
CIL 0.6311 0.4328 0.6989 0.5994 0.3265 0.6670 0.6816 0.5124 0.6272 0.5892 0.3574 0.4015 0.5871 0.3669 0.4665  
CIH 0.6359 0.4378 0.7029 0.6070 0.3346 0.6745 0.6861 0.5163 0.6309 0.5949 0.3620 0.4059 0.5927 0.3717 0.4709  
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2

δ
)

otherwise,
(33)  

where δ is the parameter of the Huber loss function. The larger δ is, the 
closer it is to the squared loss (because it is a squared value, the loss 
value is much larger than others), and the smaller δ is, the closer it is to 
the absolute loss (basically, the Huber loss function with δ = 1 overlaps 
with the absolute loss function). 

4.3. Results 

We first compare the performance of K-nearest neighbors prediction 
based on three performance criteria: mean absolute error (MAE), mean 
absolute percentage error (MAPE), and symmetric mean absolute per-
centage error (SMAPE). Table 5 shows that the shorter is the previous 
period we are back-tracking (i.e., when K is 5 min), the better is the 
predictive performance that we obtain. 

We then compare the predictive performance based on MAE, MAPE, 
and SMAPE for six methods: the Holt-Winters method with a daily 
seasonal effect (HWS), Holt-Winters method with double seasonality 
(HWDS), exponential moving average with double seasonality (ExpDS), 
LSTM driven by the Huber loss function (LSTM-H), LSTM driven by the 
root mean square deviation (LSTM-R), and the proposed GBPRT method 
in Section 3. 

The overall predictive performances of the six investigated methods 
for the eleven routes are reported in Table 6. We recognize that GBPRT 
has the smallest average errors among all three metrics. In comparison 
with other methods in Table 6, the proposed GBPRT generally increases 
the accuracy from 26.51% (compared to ExpDS, the second best 
method) to 46.82% (compared to HWS, the worst method) as measured 
by MAE. With the measurement of MAPE, GBPRT increases the accuracy 
from 57.05% (compared to ExpDS, the second best) to 97.50% 
(compared to LSTM-R, the worst). By SMAPE, GBPRT increases the 
predictive accuracy from 38.88% (compared to ExpDS, the second best) 
to 78.63% (compared to LSTM-R, the worst). 

When we compare the prediction of K-nearest neighbors in Table 5 
with the results of six investigated methods in Table 6, we find that when 
K is set at 5 min, the K-nearest neighbors prediction slightly outperforms 
the Holt-Winters method by 1.79%, 2.33%, and 1.08% as measured by 
MAE, MAPE and SMAPE, respectively. Comparing with the proposed 
GBPRT methods, the K-nearest neighbors method at 5 min is surpassed 
by 30.65%, 45.16%, and 37.16% as measured by MAE, MAPE and 
SMAPE, respectively. 

In our empirical work we have three partitions with exclusive pairs. 
Table 7 reports the prediction of K-nearest neighbors methods, and 
Table 8 reports the predictive performance of the other six methods for 
holidays and working days. For holidays, the forecasting of GBPRT has 
the smallest average errors among all three metrics. LSTM-H is the 
second best as measured by MAE, and DS is the second best as measured 
by MAPE and SMAPE. HWDS is the worst as measured by all three 
metrics shown by Tables 8 and 7 The difference, i.e., ((the worst - the 
best)/the best)× 100%, between the best performance and the worst 
performance is 50.11% by MAE, 96.70% by MAPE, and 74.75% by 
SMAPE. 

For working days, GBPRT has the smallest errors measured by all 
three metrics. DS is the second best measured by all three metrics. The 
worst performance is the K-nearest neighbors lagged at 60 min in 
Table 7. In Table 8 the worst is HWS measured by MAE and LSTM-R 
measured by MAPE. Similarly, we recognize that the difference be-
tween the best and worst in Table 8 is 54.58%, 100.10%, and 86.26% 
when comparing them with MAE, MAPE, and SMAPE, respectively. 

We then compare the predictive performance for peak hours and off- 
peak hours. The results of four K-nearest neighbors predictions reported 
in Table 9 and Table 10 show the comparison of the other six methods. 

For peak hours, GBPRT has the smallest values for all three error mea-
sures, while the worst is HWS when considering all returns shown in 
Tables 9 and 10. We compare the best-worst difference and see, by MAE, 
that the difference is 51.54%, by MAPE it is 102.55%, and by SMAPE it is 
64.44%. For off-peak hours, the best performance is also attributed to 
GBPRT, but the worst performance is LSTM-R in Table 10 and K-nearest 
neighbors of 60 min in Table 9. K-nearest neighbors method with K of 5 
min surpasses both LSTM-H and LSTM-R and surpasses LSTM-H by 
0.94%, 12,31%, and 18.11% and LSTM-R by 5.33%, 14.55%, and 
19.47% as measured by MAE, MAPE, and SMAPE, respectively. In 
addition, K-nearest neighbors of 15 min perform slightly better (0.44%) 
than LSTM-H measured by MAPE. The error of LSTM-R is 76.26%, 
149.28%, and 118.47% larger than that of GBPRT as measured by MAE, 
MAPE, and SMAPE, respectively. 

We finally report the results based on congestion and no congestion 
situations in Tables 11 and 12. Different from the observations we find in 
previous results, GBPRT is not the best one for prediction when 
congestion occurs. LSTM-H, LSTM-R, and ExpDS outperform GBPRT, 
and LSTM-H is the best one as measured by all three metrics. LSTM-R is 
the second best. However, GBPRT still surpasses the four K-nearest 
neighbors methods shown in Table 11 and outperforms the two sea-
sonality based methods: HWS and HWDS in Table 12. The difference 
between LSTM-H and GBPRT is 20.68%, 18.64%, and 26.70% as 
measured by MAE, MAPE, and SMAPE, respectively. When there is no 
congestion, GBPRT returns to be the best prediction method measured 
by all three metrics, while the worst one is K-nearest neighbors and the 
second worst is HWS when measuring with MAE. When congestion oc-
curs, the prediction of K-nearest neighbors at 5 min is better than HWS, 
LSTM-H, and LSTM-R when measured by MAPE. Particularly, when 
using MAPE (SMAPE) as the measurement, LSTM-R (LSTM-H) exhibits 
the worst performance of prediction when comparing the six methods in 
Table 12. 

The above comparisons are based on the general performance of 
accuracy with respect to the mean values of three error measures. In 
order to show the details in comparison with GBPRT, we present a 
graphic illustration of sensitivity and efficiency analysis for the K- 
nearest neighbors method with four different time lags with MAE, 
MAPE, and SMAPE for all routes in Figs. 2–4 and for other methods in 
Figs. 5–7. We recognize that the proposed GBPRT is less sensitive and 
more efficient in comparison with other methods under the measure-
ment of MAE. Fig. 5 shows (1) all methods illustrate significant sample 
sensitivity for Routes 2 and 5, (2) all methods are significantly robust for 
Route 10, and (3) different methods show different characteristics of 
sensitivity and efficiency. With Fig. 6 we can see the proposed GBPRT is 
less sensitive and more efficient in comparison with other methods 
under the measurement of MAPE. Fig. 7 shows again that GBPRT is less 
sensitive and more efficient for all routes when measuring with SMAPE. 

4.4. Robustness 

We compare the predictive accuracy in the previous section by 
focusing only on the mean value of three metrics. However, such a 
comparative approach is not able to show the individually specified 
heterogeneity. For example, In Table 4 we can see each route where we 
collected the data has different numbers of IoT devices. The probability 
distribution of the features for each route is different in Table 4. 
Therefore, we need to (1) access the impact of individual-specific het-
erogeneity on predictive accuracy, (2) evaluate the varying effects not 
directly observed either cross route or over time, and (3) recognize the 
dynamics of performance change of the investigated methods cross 
route. Following Sun et al. (2015), we apply the random effect panel 
data regression to compare the predictive accuracy as: 

E GBPRTit = β E ALTERit + αi + εit,

where εit stands for the errors that vary over a route and time and αi 
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stands for the errors that vary only between routes. We compare the 
predictive accuracy measured by MAE, MAPE, and SMAPE between 
GDPRT and alternative methods with or without considering partitions. 

We first conduct the robustness check for comparing the perfor-
mance of GBPRT with the K-nearest neighbors method. The results in 
Table 13 indicate that GBPRT outperforms the K-nearest neighbors 
method with the four different time lags we investigate in Section 4. 
Since β is significantly smaller than 1, it confirms that GBPRT is better 
than the K-nearest with statistical significance at a high confidence level 
(p <0.0001). 

We then report the results of robustness check in Table 14 when 
comparing GBPRT with the Holt-Winters method with a daily seasonal 
effect (HWS), Holt-Winters method with double seasonality (HWDS), 
exponential moving average with double seasonality (ExpDS), LSTM 
driven by the Huber loss function (LSTM-H), and LSTM driven by the 
root mean square deviation (LSTM-R). Similiar to the results in Table 13, 
when the predictive accuracy of GBPRT is better than other methods, β 
should be significantly smaller than 1. Therefore, a statistical signifi-
cance with a high confidence level (p <0.0001) can be reached. We 
recognize that GBPRT has less predicitive accuracy only when conges-
tion occurs. HWD measured by MAPE is better than GBPRT in the pre-
diction of congestion. As to the metrics of MAE and SMAPE, we cannot 
draw the same conclusion. As with the conclusion we have drawn from 
Table 12, LSTM-H and ExpDS exhibit better predictive performance than 
GBPTR. Different from the result in Table 12 where LSTM-R performs 
better than GDPRT as measured by the mean values of MAE, MAPE, and 
SMAPE, we can only recognize that LSTM-R is better measured just by 
MAE in Table 14. MAPE does not support the statement that LSTM-R 
provides better prediction than GBPRT. Since the low bound of the 
confidence interval of SMAPE is smaller than 1 and the high bound is 
greater than 1, SMAPE is not distinctly significant, although the ex-
pected mean is less than 1 given by β, thus supporting the superiority of 
GBPRT. 

5. Discussions 

5.1. Major contributions 

Several studies show that proper considerations of time-varying 
dependence can efficiently eliminate systematic errors and increase 
predictive precision of dynamic travel time forecasting in comparison 
with methods that do not take it into account (see Nair and Dekusar, 
2020, for example). There are two ways to describe such a dependent 
structure. One way defines the covariance between observations as a 
cyclic function of their deviation over time, and another assumes that 
auto-covariance (which is the variance of the difference between two 
sequential observations) is characterized as a function of time deviation 
(Ermagun and Levinson, 2019). Both of them use a well-defined real--
valued function of time deviation to measure the similarity between 
sequential observations (Habtemichael and Cetin, 2016). Conventional 
Gaussian random processes with their associated covariance functions 
necessarily assume that actual values are known through the whole 
observation period (see Haworth et al., 2014, for example). The direct 
applicability with big data collected from the traffic IoT infrastructure 
cannot be properly used in situations where the observations are either 
unobtainable or imprecise due to technical limitations in measurement. 
For example, in remote sensing data, imprecision is also prevalent due to 
differences in the spectral response of different detectors. The impreci-
sion in random processes modeling has to be either ignored directly or 
handled indirectly. A few studies have conducted detailed analyses or 
modeling using big data, and therefore the granularity of big data has 
not been thoroughly investigated (Vlahogianni et al., 2014). In this re-
gard, our study successfully conducts the diurnal space-time analysis 
calibrated with big IIoT data. 

The decision tree regression method is based on the known proba-
bility of occurrence of various situations, through the construction of a 

decision tree obtains a probability that the expected approximation 
error is minimized when determining feasible solutions via a gradient 
descent method. This research proposes a new machine learning algo-
rithm named gradient boosting partitioned regression tree (GBPTR) that 
is suitable for artificial intelligence applications with big data. It extends 
the conventional gradient boosting regression tree method by dividing 
various uncertain situations according to data characteristics into cate-
gorical partitions and improves the computational capacity of the 
regression tree method without incurrence of overfitting. 

In this study we first aggregate the data from real-time frequency to 
their moderate tolerance of latency and then apply the proposed method 
to model the sequential features throughout the sampling period. 
However, it may not be enough to only investigate which routes are 
favored by the proposed method by considering the importance to lo-
gistic companies. Thus, we consider herein both time-varying and 
spatial deviations to validate the proposed method. When using multiple 
datasets as model input variables, the newly proposed GBPRT has good 
applicability to tolerate heterogeneous data (numerical characteristics 
measured at different scales) since it can obtain a non-linear relationship 
(see Qian et al., 2017) in big traffic data at a faster training speed and 
prediction speed, so as to accurately understand the feature interaction 
in the big data. It is thus good at dealing with the outliers (see Chen 
et al., 2020) in the dataset and finding the most important features from 
it without requiring feature scaling. In addition, the proposed GBPRT 
can provide many different robust regression techniques, such as Hub-
er’s loss function, which can handle numerical features with many 
extreme values. Furthermore, it can particularly capture the non-linear 
interaction (see Jin and Zhang, 2003, for example) under different sit-
uations among features with categorical partitioning. 

We conduct an empirical study with real big data to evaluate the 
proposed method and obtain its superior performance in comparison to 
alternative data-driven methods such as the LSTM model applied by Ma 
et al. (2015b), Cui et al. (2020b), and Dogan (2020) and with the 
pattern-matching and spatial-temporal seasonality models in Habte-
michael and Cetin (2016), Zhang et al. (2017), and Chen et al. (2020). 

5.2. Implications 

This study applies a new data-driven method (i.e., GBPRT) to predict 
travel time, particularly for freight transportation, while considering the 
following practical considerations. First, the highway ETC normally 
installed on the gantry is used to determine the distance traveled on the 
highway as the basis for charging. Because on these gantries, each 
passing vehicle will leave a record of its passing time, and so we can 
record the passing time of each vehicle to infer the travel time. Logistics 
professionals can use the information available at the time of selecting 
the departure time to predict how much time it will take to reach a 
destination. Although the highway administration bureau in Taiwan 
provides information on the average travel time between ETC gantries, 
this information is sometimes imprecise for several reasons due to the 
physical devices and measurement. Second, many factors can affect the 
average travel time such as vehicle breakdown, traffic accident, or using 
a rest area. With V2X technology (see Section 2.1), the actual trajectory 
of each single vehicle can be fully investigated. The data that discover an 
irrelevant or abnormal road driving status can be removed in order to 
increase data plausibility. However, the stochastic nature of these fac-
tors might jeopardize the effective learning of many methods. We 
highlight the adequacy of GBPRT to deal with the above-mentioned 
challenges in big data analytics and verify it empirically in compari-
son with other data-driven methods. 

Our proposed data-driven method satisfies the request of pragmatic 
real-time logistics management since the big data used in this empirical 
study are publicly available, and the method is easy-to-use without pre- 
processing the data. The GBPRT method does not need any additional 
treatment to the outliers of data as the logic of the fundamental decision 
trees model is clear, closer to the logic of human judgment, and easier to 
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understand. Compared with other methods, this proposed method can 
accurately predict the travel time. Therefore, when the problem of sto-
chastic travel time is involved, it can be used with other methods to 
optimize the freight route, shorten the delivery time, and improve lo-
gistics efficiency. For example, real-time ETA (Estimated Time of 
Arrival) is important for a logistics service provider to always know 
exactly when the goods will arrive, particularly when transporting 
valuable goods (Michallet et al., 2014). The occurrence of unexpected 
road situations undoubtedly causes delays and consequently increases 
costs (see Hoogeboom and Dullaert, 2019, for example). With the help of 
an accurate prediction of travel time, logistics managers can adjust route 
plans and timetables accordingly and communicate with drivers and 
destination leaders immediately. The coordinated and integrated 
real-time operations in logistics management increase the speed of lo-
gistics response and execution, actively eliminate the delay in opera-
tional processes, and improve the logistics capabilities and 
competitiveness of enterprises. 

5.3. Limitations and further works 

In our empirical study, we have recognized that the proposed GBPRT 
performs generally well (low errors, less sensitivity, and high efficiency) 
in the prediction of traveling time. However, when congestion occurs, 
GBPRT generates less accurate predictions as measured by MAE, MAPE, 
and SMAPE in comparison with LSTM-H, LSTM-R, and ExpDS. LSTM (-H 
or –R) is suitable for processing and predicting important events that 
occur for very long time intervals or long delays in time series data since 
it can selectively memorize values of indefinite duration. ExpDS is also 
able to capture the periodicity with additive length (such as long and 
short durations). Such an advantage originates from the information 
processing mechanism of these three methods. On the other hand, HWS 
and HWDS can deal with a periodical event only when the duration is 
definite or well defined. Information processing with a decision tree 
enables GBPRT to separate features without considering temporal 
dependence. Once congestion occurs, several extreme values are 
observed. When the training data contains less extreme values, GBPRT 
will separate these values to a leaf without connecting it to the majority. 
In the sequential training, if such extreme values occur with low fre-
quency, then GBPRT will drop them off from the current training. This 
makes GBPRT have less power of memory. On the other hand, the 
function of dropping off a far previous sample prevents GBPRT from 
overweighting the less frequent sample. It explains why GBPRT under-
performs some methods only if congestion occurs. 

We think there might be two ways to improve the performance of 
GBPRT when congestion occurs, particularly for some very rare traffic 
interruptions. One way is to increase the sampling weight towards the 
extremum and then to make GBPRT have memory. Another way is to 
coordinate a feature that only characterizes the number and altitude of 
the extremum, which might increase the risk of overfitting. In some 
countries, trucks are limited by speed (e.g., 80 km/h) and lane (e.g., 
right lane). There is no specific speed and lane limit for cargo trans-
porters, such as trucks, trackers, and small transporters in our datasets, 
and the specific type of vehicle can be recognized either by camera data 
from its appearance or by plate number from its official registration. Due 
to privacy protection, we are not able to obtain these details. From the 
perspective of scientific research, distinguishing between large and 
small freight vehicles can help to more accurately track the status of 
vehicles. However, considering the actual transportation situation of 
mixed traffic on roads, subdividing different types of freight vehicles 
will not have a significant impact on travel time. In future research, one 
could cooperate with specific logistics companies to conduct research on 
the management of their proprietary freight fleet with more specific 
datasets. 

6. Conclusion 

This research proposes a data-driven framework for predicting near 
future travel time with the gradient boosting partitioned regression tree 
(GBPRT) method, which modifies the existing regression tree method in 
machine learning, in order to improve real-time logistics management 
for the requirement of Logistics 4.0. The data-driven framework relies 
on the data collected from the growing V2X system. We show how data 
can be leveraged with GBPRT for solving problems on three different 
levels: training, optimization, and prediction. 

We empirically compare the methods to five established approaches 
specifically proposed to model periodical effects with the use of real big 
traffic IoT data. The key result of our investigation is that the proposed 
data-driven approaches generally outperform their computational 
counterparts in our empirical study. 

The major advantage of GBPRT is its flexibility with respect to the 
input and its adequacy that naturally enables it to process big data. The 
ability of GBPRT to leverage heterogeneity across different realistic 
situations significantly improves its empirical performance in our study. 
In addition, it does not require restrictive assumptions on the error 
process as in time series methods (e.g., random error shall be indepen-
dent and identically distributed and stationary). Hence, GBPRT can 
identify specific patterns that traditional time series methods fail to 
identify. Although the time series model can build multiple seasonalities 
(e.g., day and week in our empirical study), some special situations and 
outliers could still distort their performance and mislead the result. 

One drawback of the proposed method is its interpretability of pa-
rameters. When processing the computational optimization, how the 
parameters interact with each other is not clear, which makes prompt 
calibration in terms of the stochastic gradient descent more difficult. 
Undeniably, in our study with big data analytics its improvements at 
predictive accuracy have been successfully achieved, which outweighs 
the ambivalent attitude towards its computational unpredictability. 

Real-time data-driven logistics management under Logistics 4.0 will 
certainly become an active field of research with uncountable oppor-
tunities for future work. Our analysis is based on eleven highway routes. 
It would be interesting to duplicate some similar big data analytics on 
highway networks or metropolitan traffic systems. In our application, 
we do not consider auxiliary information such as instant news or 
weather data. Future works may also incorporate more features gener-
ated from V2X data. 

Acknowledgement 

The authors express their gratitude to Matthias Hülsmann, Vice 
President of Connected Logistics of BOSCH Connected Industry, for 
providing the related information. The authors sincerely thank the three 
anonymous reviewers for their insightful comments on the manuscript. 
This work was financially supported by the Center for Open Intelligent 
Connectivity from the Featured Areas Research Center Program within 
the framework of the Higher Education Sprout Project by the Ministry of 
Education (MOE) in Taiwan; in part by the Ministry of Science and 
Technology under Grant 109-3111-8-009-002, Grant 109-2221-E-009- 
087-MY2; and in part by the Ministry of Economic Affairs under Grant 
107-EC-17-A-02-S5-007. Chen’s research was supported by InfoTech 
Frankfurt Germany under DE32-024-5686. 

References 

Abboud, K., Omar, H., Zhuang, W., 2016. Interworking of dsrc and cellular network 
technologies for V2X communications: a survey. IEEE Trans. Veh. Technol. 65, 
9457–9470. 

Altay, N., Gunasekaran, A., Dubey, R., Childe, S.J., 2018. Agility and resilience as 
antecedents of supply chain performance under moderating effects of organizational 
culture within the humanitarian setting: a dynamic capability view. Prod. Plann. 
Contr. 29, 1158–1174. https://doi.org/10.1080/09537287.2018.1542174. 

Y.-T. Chen et al.                                                                                                                                                                                                                                

http://refhub.elsevier.com/S0925-5273(21)00133-X/sref1
http://refhub.elsevier.com/S0925-5273(21)00133-X/sref1
http://refhub.elsevier.com/S0925-5273(21)00133-X/sref1
https://doi.org/10.1080/09537287.2018.1542174


International Journal of Production Economics 238 (2021) 108157

26

Arıkan, E., Fichtinger, J., Ries, J.M., 2014. Impact of transportation lead-time variability 
on the economic and environmental performance of inventory systems. Int. J. Prod. 
Econ. 157, 279–288. 

Arora, S., Taylor, J.W., 2018. Rule-based autoregressive moving average models for 
forecasting load on special days: a case study for France. Eur. J. Oper. Res. 266, 
259–268. 

Balcik, B., Beamon, B.M., Krejci, C.C., Muramatsu, K.M., Ramirez, M., 2010. 
Coordination in humanitarian relief chains: practices, challenges and opportunities. 
Int. J. Prod. Econ. 126, 22–34. https://doi.org/10.1016/j.ijpe.2009.09.008. 

Ballis, H., Dimitriou, L., 2020. Revealing personal activities schedules from synthesizing 
multi-period origin-destination matrices. Transp. Res. Part B Methodol. 139, 
224–258. https://doi.org/10.1016/j.trb.2020.06.007. 

Barlette, Y., Baillette, P., 2020. Big data analytics in turbulent contexts: towards 
organizational change for enhanced agility. Prod. Plann. Contr. 1 https://doi.org/ 
10.1080/09537287.2020.1810755. 

Bartolini, E., Goeke, D., Schneider, M., Ye, M., 2020. The robust traveling salesman 
problem with time windows under knapsack-constrained travel time uncertainty. 
Transport. Sci. https://doi.org/10.1287/trsc.2020.1011. 

Ben-Daya, M., Hassini, E., Bahroun, Z., 2019. Internet of things and supply chain 
management: a literature review. Int. J. Prod. Res. 57, 4719–4742. https://doi.org/ 
10.1080/00207543.2017.1402140. 

Bergstra, J., Bengio, Y., 2012. Random search for hyper-parameter optimization. 
J. Mach. Learn. Res. 13, 281–305. 

Bock, S., 2019. Optimally solving a versatile traveling salesman problem on tree 
networks with soft due dates and multiple congestion scenarios. Eur. J. Oper. Res. 
283 (3), 863–882. https://doi.org/10.1016/j.ejor.2019.11.058. 

Bogataj, D., Bogataj, M., Hudoklin, D., 2017. Mitigating risks of perishable products in 
the cyber-physical systems based on the extended mrp model. Int. J. Prod. Econ. 193, 
51–62. https://doi.org/10.1016/j.ijpe.2017.06.028. 

Bogataj, M., Grubbström, R.W., 2013. Transportation delays in reverse logistics. Int. J. 
Prod. Econ. 143, 395–402. 

Carrion, C., Levinson, D., 2012. Value of travel time reliability: a review of current 
evidence. Transport. Res. Pol. Pract. 46, 720–741. https://doi.org/10.1016/j. 
tra.2012.01.003. 

Casadei, G., Bertrand, V., Gouin, B., de Wit, C.C., 2018. Aggregation and travel time 
calculation over large scale traffic networks: an empiric study on the grenoble city. 
Transport. Res. C Emerg. Technol. 95, 713–730. 
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