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A B S T R A C T   

This paper proposes a short-term rolling horizon framework for the within-day prediction of travel times on links 
with and without point detectors (referred to as observed and unobserved links respectively) along a selected 
path covered in the Hong Kong journey time indication system (JTIS). In Hong Kong JTIS, the number of point 
detectors on major roads is usually limited due to the financial budget and site constraints in the densely 
populated urban area. However, the prediction of the travel times on urban road corridors particularly on the 
links without point detectors is also valuable to road users and traffic authorities. This paper proposes a 2-stage 
framework based on functional principal component analysis and maximum likelihood estimation method to 
predict the mean and standard deviation of the travel times on the study path and observed links as well as 
unobserved links once every 2 min for the next 30 min. An urban road network in Hong Kong is selected as a case 
study. The prediction results are validated using an independent dataset from JTIS, demonstrating the practical 
applicability of the proposed framework.   

1. Introduction 

The increasing deployment of intelligent transportation systems 
(ITSs) enables road users, traffic managers, and operators to more effi
ciently access real-time road information. Travel time is a critical indi
cator of road performance and the level of service (EI Faouzi et al., 
2010). As the amount of traffic data obtained from different types of 
traffic detectors increases, so does the need for network-wide travel time 
information. Travel time information disseminated by advanced traveler 
information systems (ATISs) can be categorized into estimated and 
predicted travel times. The estimated travel time provides en-route in
formation to guide road users on scheduling and route decisions. The 
predicted travel time delivers pre-route information to increase road 
network usage efficiency (Mori et al., 2015). According to the predicted 
travel time information, road users can make decisions on departure 
time and preferred route for their travel. Both types of travel time in
formation rely on the techniques of travel time estimation and predic
tion from traffic detector data. The within-day path and link travel time 
information can be predicted using historical traffic data and real-time 
traffic detector data (Li et al., 2020; Zhong et al., 2017; Vlahogianni 
et al., 2014). Travel time uncertainty is an important factor in the 

short-term travel time prediction problems. The sources of uncertainty 
can be categorized into traffic demand and transport supply (Shao et al., 
2013). Demand uncertainty is related to the day-to-day variations of 
traffic demand, and supply uncertainty is related to the disturbances in 
the road network, including traffic accidents and adverse weather con
ditions. The uncertainty of travel time prediction error, which is related 
to the prediction models, has significant effects. For predictions based on 
the estimated travel times, the variance due to estimation error is 
another source of uncertainty (Li and Rose, 2011). Apart from giving the 
predicted mean travel times only, ATISs may also provide the variance 
of travel times, which has been worked out as prediction results in the 
recent studies (Du et al., 2012; Hofleitner et al., 2012; Zhong et al., 
2017). 

To capture and monitor the dynamics of path and link travel times, 
various types of traffic detectors have been developed and installed on 
roads. There are two major types of traffic detectors (Mori et al., 2015): 
point and interval detectors. Point detectors, such as loop detectors and 
video image detectors, are fixed at given locations of the roads. By 
sensing passing vehicles, they can measure and collect spot speed data 
and traffic flow data. Interval detectors include probe vehicles, floating 
cars, and automatic vehicle identification (AVI) detectors such as 
radio-frequency identification (RFID) tag readers and automatic license 
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plate recognition (ALPR) cameras. They can directly measure and collect 
the vehicular travel time data of the road segments under observation. 
Point detectors efficiently capture and monitor the temporal evolution 
of traffic conditions near their locations. At the locations installed with 
point detectors, the vehicle flow rate and the mean speed and standard 
deviation of vehicle spot speeds are collected at pre-determined time 
intervals. AVI detectors provide better spatial coverage on road seg
ments along the monitored path; thus, the spatial information of travel 
time on the path can be obtained. Although AVI detectors are charac
terized by a relatively low sampling rate, they directly capture the travel 
times of individual vehicles. By processing point detector data, AVI data, 
and offline estimates of path travel times, the Hong Kong journey time 
indication system (JTIS;//www.td.gov.hk/en/transport_in_hong_kong/i 
ts/its_achievements/journey_time_indication_system_/index.html) can 
provide instantaneous path travel time estimates every 2 min. 

The multiple traffic data sources provide a broad platform for 
investigating travel time estimation and prediction problems. For 
example, speed-based models can estimate travel times from speed data 
collected by point detectors (Xiao, 2011). The estimated travel times 
further provide a basis for further predictions. Travel time can be 
directly extracted from the AVI system database. However, a filtering 
process is usually required to remove the outliers because vehicles may 
stop or detour along the paths (Soriguera and Robusté, 2011; Tam and 
Lam, 2011; Dion and Rakha, 2006). Owing to the uncertain sampling 
rate and the sparsely distributed sample points associated with probe 
vehicle data such as GPS data, the spot speeds reported by vehicles or 
travel times manipulated for short detection segments should be further 
investigated (Zhong et al., 2017; Yin et al., 2015; Hofleitner et al., 2012). 

When both the path travel time estimates from JTIS and the point 
detector data are available, the research question can be extended to 

tackle more challenging path-based travel time decomposition (TTD) 
problems for estimation and/or prediction on the links with and without 
detectors along the study path. The path-based travel time information 
can be obtained from JTIS estimates (referred to as the path travel time 
estimates in this paper). The travel time information on links with point 
detectors can be observed and analyzed directly for the link travel time 
estimation and prediction. Owing to budget constraints, the travel time 
information on links without point detectors along the path is not 
observed; however, it is still valuable to road users. In this paper, links 
with point detectors are referred to as observed links, whereas those 
without point detectors are referred to as unobserved links along the 
same path. Using a static travel time estimation model, Shao et al. 
(2018) fused AVI and point detector data to estimate the mean and 
variance of instantaneous travel times on the unobserved links. To 
satisfy the ATIS requirements, the static model can be extended to the 
dynamic model for predicting the mean travel times on the path and 
links and their travel time variations. Table 1 shows that relevant studies 
have mainly investigated the prediction of within-day travel times on 
observed links and/or paths with detected data. However, the prediction 
of the travel times on unobserved links along the study path is equally 
valuable to road users. To capture the dynamics of the travel times on 
unobserved links, spot speed information from point detectors and JTIS 
estimates should be fused and analyzed. Therefore, there is a need to 
develop a path-based travel time decomposition framework for pre
dicting the variations in the travel times on the path, observed links, and 
unobserved links by using limited point detector data and JTIS 
estimates. 

Several techniques for short-term traffic prediction were developed 
in the past decade and have since matured. Most of these techniques can 
be categorized into traffic theory-based (or model-based) and data- 

Notations descriptions 

External Variables 
A Set of links 
Dt Set of path travel time observations of vehicles that enter 

the path at time t 
xi(t) ith measurement on path/link travel time at time t 

Internal Variables 
t, u Path entry time in the current horizon 
h, v Path entry time in the prediction horizon 
φw(t) Path travel time process of time t on day w 
μ(t) Mean function of path travel times 
e Measurement errors of traffic detectors 
φk(t) Eigenfunction of the kth FPC of time t 
ξwk Score of the kth FPC on day w 
γq Eigenvalue of the qth FPC (prediction horizon) 
λk Eigenvalue of the kth FPC (current horizon) 
Gt,u, Gh,v Covariance functions of path travel times in the current 

horizon and prediction horizon 
K, Q Number of FPCs 
f, g Smooth regression functions of FPC scores 
xt

i The ith observed path travel time of vehicles that enter the 
path at time t 

δi,a Link–path incidence indicator 
ηa Proportion of link travel time of link a on the monitored 

path 
μt

a Mean travel time on link a for vehicles that enter the path 
at time t 

σt
a Standard deviation of travel time on link a for vehicles that 

enter the path at time t 
λ Multiplier in the MLE problem 

σt
p Standard deviation of path travel time for vehicles that 

enter the path at time t 
θt

a Information about link a, including the mean and standard 
deviation of link travel time for vehicles that enter the path 
at time t 

θt Information about links, including the mean and standard 
deviation of link travel times for vehicles that enter the 
path at time t 

Abbreviations 
ALPR automatic license plate recognition 
ARIMA autoregressive integrated moving average 
ATISs advanced traveler information systems 
AVI automatic vehicle identification 
FPC functional principal component 
FPCA Functional principal component analysis 
ITSs intelligent transportation systems 
JTIS journey time indication system (https://www.td.gov.hk/ 

en/transport_in_hong_kong/its/its_achievements/journ 
ey_time_indication_system_/index.html) 

LSTM NN long short-term memory neural network 
MAE mean absolute error 
MAPE mean absolute percentage error 
MLE maximum likelihood estimation 
PACE principal analysis by conditional expectation 
PCA Principal Component Analysis 
RFID radio-frequency identification 
RMSE root mean square error 
SMP speed map panel (https://www.td.gov.hk/en/transport_in 

_hong_kong/its/its_achievements/speed_map_panels/in 
dex.html) 

TTD Path-based travel time decomposition  
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driven approaches (Mori et al., 2015). Traffic theory-based models 
predict traffic scenarios and travel times by generating future traffic 
conditions (Papageorgiou et al., 2010; Celikoglu, 2007). However, these 
models may simplify some realistic features of traffic conditions in the 
simulation process; therefore, the traffic condition prediction perfor
mance is limited. Data-driven approaches are either parametric or 
non-parametric. Parametric approaches, such as linear regression, 
Bayesian network, and time-series models, have a more logical structure 
and comprehensive mathematical foundation. However, they are 
computationally expensive and cannot effectively handle nonlinear data 
in reality (Gu et al., 2020; Li et al., 2020; Fusco et al., 2016; Du et al., 
2012). Traffic prediction based on non-parametric approaches often 
involves families of neural networks, decision trees, support vector 
regression, and other local regression models (Cui et al., 2020; Li et al., 
2020; Feng et al., 2019). Moreover, compared with parametric ap
proaches, the calibration process of various parameters is avoided. The 
non-parametric models can handle nonlinear data but involve black-box 
procedures (Vlahogianni et al., 2014; Li and Rose, 2011). Moreover, the 
training models are site-specific and need further training for other 
locations. 

Functional principal component analysis (FPCA), a statistical tool for 
functional data analysis, is an extension of principal component analysis 
that has been frequently applied in the transportation sector. The traffic 
variables are regarded as stochastic processes to be imputed, estimated, 
and predicted during the FPCA process. As an extension of Principal 
Component Analysis (PCA), FPCA has been tested and deemed suitable 
for traffic data analysis. Chiou (2012) and Chiou et al. (2014) performed 
FPCA to cluster traffic flow patterns, impute missing traffic flow values, 
detect outliers, and predict traffic flows. Guardiola et al. (2014) moni
tored and recognized traffic patterns by applying FPCA to traffic flow 
data. Chen and Müller (2014) applied FPCA to GPS data to predict 
vehicle speed distribution. Zhong et al. (2020, 2017) achieved satis
factory results on the prediction and estimation of link travel time var
iations. These works demonstrate the merits of FPCA in reducing the 
dimensionality of traffic data without compromising their original 
integrity. 

The path-based travel time decomposition (TTD) problem is defined 
to decompose a complete corridor or path travel time to travel times on 
sub-links. Models such as hidden Markov models and Gaussian mixture 
models are used to estimate the path-based travel times with decom
position on links along the path with AVI data (Yang et al., 2018; Yin 
et al., 2015). Other TTD approaches are based on assumptions related to 
the inter-relationships of travel times on links along the study path, such 
as variance–covariance temporal relationship between observed and 
unobserved links (Shao et al., 2018; Yin et al., 2015; Hellinga et al.,). 
These approaches outperform the simple proportional allocation 
approach (e.g., those that allocate link travel times according to link 
lengths on the basis of the distance-based path travel time 
decomposition). 

This paper addresses the within-day travel time prediction problems 
by proposing a 2-stage prediction framework for predicting the mean 
and standard deviation of travel times on the study path, observed links, 
and unobserved links. The path and links are within a road corridor that 
deploys a traffic detector system, including AVI and point detectors. 

Hence, the JTIS estimates are obtained from AVI and point detector 
data. In principle, point detectors can detect all passing vehicles. Owing 
to the large data flow, the database of the point detector system usually 
stores the aggregated speed information at specific time intervals, rather 
than individual vehicle records. 

In this paper, path-level within-day travel time variability obtained 
from JTIS data and link-level within-day travel time variability obtained 
from point detector data are modeled through FPCA. The FPCA process 
is included in stage 1 of the proposed prediction framework. With the 
predicted travel time variations of the path and observed links, the travel 
time variations of unobserved links are predicted through the formula
tion of a maximum likelihood estimation (MLE) problem. With the 
concept of TTD (Wang, 2015; Yin et al., 2015), the travel time variations 
of unobserved links are predicted under conditional information ob
tained from stage 1 of the proposed prediction framework. This TTD 
process is included in stage 2 of the proposed prediction framework. 

The rest of this paper is organized as follows: Section 2 presents the 
preliminaries and a notation list for all the variables and abbreviations 
used in this paper. Section 3 demonstrates the proposed 2-stage frame
work for predicting the mean and standard deviation of travel times on 
the study path as well as the observed links and unobserved links, based 
on the application of FPCA and MLE in stages 1 and 2 respectively. 
Section 4 presents the performance of the proposed prediction frame
work through an empirical study. Section 5 provides the conclusions. 

2. Preliminaries 

Symbols with a ‘•’ superscript are referred to the “estimated” vari
ables rather than the measured or observed variables. 

3. Methodology 

3.1. FPCA for predicting travel time on path and observed links 

As with the other traffic variables mentioned in Section 1, travel time 
has stochastic features, especially due to non-recurrent incidents. 
Studies have investigated the effects of non-recurrent incidents on the 
stochasticity of traffic conditions (Zhong et al., 2017, 2020; Lam et al., 
2008). Regarding the link and path travel times as stochastic processes, 
two sets of FPCA models have been established for analyzing the 
captured path and link travel times as functional data. The model 
describing the process for path travel times and observed link travel 
times are similar; thus, only the modeling process of path travel time is 
introduced here. According to the Karhunen–Loève expansion, the sto
chastic process of path travel time can be expressed as (1) if the number 
of functional principal components is determined to be K. The path 
travel time function is expressed as the summation of the mean functions 
of path travel times and variations. The variations are explained by the 
summation of the products of functional principal component (FPC) 
scores and eigenfunctions of all of the functional principal components. 
(1) holds for all the periods in both current and prediction horizons. The 
mean and covariance functions of the path travel times are expressed as 
(2) and (3), respectively. The covariance function is expressed as an 
orthogonal expansion (in the L2 space) obtained from the summation of 

Table 1 
Comparison of travel time prediction studies in literature.  

Author Travel times of Travel time variations of Data sources 

path observed links unobserved links path observed links unobserved links 

Du et al. (2012) × ✓ × × ✓ × Simulated link travel time 
Hofleitner et al. (2012) ✓ × × ✓ × × GPS data 
Yildirimoglu and Geroliminis (2013) ✓ × × × × × Point detector data 
Soriguera and Robusté (2011) ✓ × × × × × AVI and point detector data 
Zhong et al. (2017) ✓ ✓ × ✓ ✓ × GPS data 
This study ✓ ✓ ✓ ✓ ✓ ✓ JTIS data and point detector data  
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the product of the non-increasing eigenvalues and the eigenfunctions of 
each FPC. The FPC scores in (1) and (3) satisfy (4) and (5). Furthermore, 
the path travel time provided by JTIS estimates is modeled in (6). It is 
assumed that the measurement error e is independently and identically 
distributed with an expectation of zero and the same variance as that of 
the measurements. The error e can also be referred to as the difference 
between any measurement and the corresponding path travel time 
function at a specific time of day. 

φd(t) = μ(t) +
∑K

k=1
ξdkφk(t) (1)  

μ(t)=E(φ(t)) (2)  

G(t, u)=
∑K

k=1
λkφk(t)φk(u) (3)  

E(ξk)= 0 (4)  

Var(ξk)= λk (5)  

xi(t)= μ(t) +
∑K

k=1
ξkφk(t) + e (6) 

When the path travel time estimates from JTIS are available, the 
estimation procedure using μ(t), λk, φk(t), and ξdk is the first step of the 
FPCA process. The estimation procedures are detailed in the literature 
(Zhong et al., 2017; Chen and Müller, 2014; Yao et al., 2005). The path 
travel time with the error term is obtained from AVI data. The FPC score 
is estimated through the principal analysis by conditional expectation 
(PACE) method; the corresponding procedure is also mentioned in the 
literature. According to Ji and Müller (2017), the PACE method can 
provide the best predictor under the Gaussian assumption. Thus, the 
conditional predicted path travel times can be assumed to be 
Gaussian-distributed to simplify the prediction problem. Generally, the 
number of FPCs can be determined using one of three criteria: the 
fraction of variance explained, Akaike information criterion, or Bayesian 
information criterion, depending on the data features. 

The path travel time process in the current horizons and prediction 
horizons are denoted as φ(t) and φ(h), respectively. The numbers of FPCs 
for these horizons are K and Q, respectively. The path travel time 
functions in the current and prediction horizons can be obtained after 
the first step of FPCA. They are expressed as (7) and (8), respectively. 
Both equation models are trained with input data and correlated 
through FPCA for prediction. For the FPCA-based prediction process, the 
additive conditional expectation and variance models, expressed as (9) 
and (10), respectively, are adopted as in previous approaches (Zhong 
et al., 2017; Chen and Müller, 2014; Müller and Yao, 2008). The ei
genvalues γq and FPC scores in the conditional modeling satisfy (11) and 
(12). In these two equations, f and g are smooth regression functions of 
FPC scores. They are calibrated using locally weighted least squares 
regression and cross-validation based on corresponding scatterplots. The 
details are available in Zhong et al. (2017) and Chen and Müller (2014). 
For the prediction process, the FPC scores are estimated and updated as 
ξ
′

k; then, the predicted mean and covariance function can be determined 
as (13) and (14), respectively. 

φ∧(t)= μ∧(t) +
∑K

k=1
ξk

∧

φ∧ k(t) (7)  

φ∧(h)= μ∧(h) +
∑Q

q=1
ξq

∧

φ∧q(h) (8)  

E
∧

(φ(h)|φ(t)) =

μ∧(h) +
∑Q

q=1
(
∑K

k=1

∧ fqk(ξk))φ
∧

q(h)
(9)  

C
∧

ov(φ(h),φ(v)|φ(t)) =
∑Q

q=1
(γ∧q +

∑K

k=1
(g∧qk(ξk) − f 2

∧

qk(ξk))φq(h)φq(v)
(10)  

E(ξq)= 0 (11)  

Var(ξk)= γq (12)  

E
∧

(φ(h)|φ(t)) =

μ∧(h) +
∑Q

q=1
(
∑K

k=1

∧ fqk(ξ
′

k))φ
∧

q(h)
(13)  

C
∧

ov(φ(h),φ(v)|φ(t)) =
∑Q

q=1
(γ∧q +

∑K

k=1
(g∧qk(ξ

′

k) − f 2
∧

qk(ξ
′

k))φq(h)φq(v)
(14)  

3.2. MLE for predicting travel time on unobserved links 

Given that stochastic travel time information for unobserved links is 
unknown, fusing the relevant information provided by JTIS estimates 
and point detectors is necessary to obtain the travel time variations of 
unobserved links. The travel time variations of the path and observed 
links are predicted according to the JTIS estimates and point detector 
data, respectively. These predicted values are outputs of stage 1 and 
inputs of stage 2 in the proposed prediction framework. With the pre
dicted travel time information, the relationships between travel times on 
a path, observed links, and unobserved links can be found via an opti
mization process. The MLE problem is formulated through the trip- 
splitting approach, which was proposed by Yin et al. (2015), rather 
than through parameter estimation based on assumed travel time dis
tributions. The maximization of the log-likelihood will result in an 
iterative process for obtaining the travel time variations of unobserved 
links. According to Yin et al. (2015) and Wang (2015), the trip-splitting 
approximation approach avoids the expensive computation spent on the 
integral of the conditional probability density function. It is assumed 
that the proportions of the travel times on links to that on the whole 
monitored path vary only slightly. Moreover, as both the path and link 
travel times are time-dependent, the experienced path travel times are 
modeled from individual link travel time functions via an approach 
similar to that proposed by Zhong et al. (2017). To estimate the pre
dicted information of unobserved links, an MLE problem is formulated 
as (15). The constraints (16) and (17) are the properties of the propor
tion values. Because the FPCA process assumes Gaussian distributions of 
conditional travel time, the problem can be solved using Lagrange 
multipliers, as derived by Yin et al. (2015). The mean and standard 
deviation of link travel time variations along the monitored path can be 
expressed as (18) and (19): the derivative of (15) with respect to the 
mean and standard deviation is calculated and set to zero. The multiplier 
and proportion values can be solved by using (20) and (21). They are 
time-dependent within the rolling horizon scheme, described in the 
following section. 

Maximize
θt ,η

: LL(θt, η|Dt) =

∑

i∈Dt

∑

a∈A
δp,a log fa(ηaxt

i; θ
t
a)

(15)  
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∑

a
ηa = 1 (16)  

0≤ ηa ≤ 1 (17)  

μt
a =

∑

i∈Dt
δi,aηaxt

i
∑

i∈Dt
δi,a

(18)  

σt
a =

∑

i∈Dt
δi,a(ηaxt

i − μt
a)

2

∑

i∈Dt
δi,a

(19)  

λ=

∑

i∈Dt
xt

i(xt
i −

∑

a∈A
δi,aμt

a)

∑

a∈A
δp,aσt2

a
(20)  

ηa = μt
a

∑

i∈Dt
xt

i
∑

i∈Dt
xt2

i
+ λ

σt2
a∑

i∈Dt
xt2

i
(21) 

To solve the above problem, an efficient iterative algorithm is 
adapted from the expectation–maximization algorithm (Yin et al., 
2015). The mean and standard deviation of travel times on all consid
ered links are first initialized. Then, the multiplier and proportion values 
can be obtained using (20) and (21). The mean and the standard devi
ation of travel times on all considered links can be updated according to 
the calculated proportions. The log-likelihood can be evaluated ac
cording to (16). The process will continue until the convergence of the 
log-likelihood or involved parameters. 

3.3. Prediction framework and rolling horizon scheme 

A 2-stage prediction framework is proposed in this paper. For each 
prediction process, FPCA models are initially applied to obtain the travel 
time variations of the path and observed links according to the current 
and historical JTIS estimates and point detector data. The formulated 
MLE problem is solved through optimization to obtain the predicted 
travel time information on the unobserved links. 

The rolling horizon scheme as shown in Fig. 1 is adopted to achieve 

better prediction performance. This scheme has been used in studies on 
travel time estimation and prediction for several years (Zhong et al., 
2017; Lu et al., 2018; Pan et al., 2013; Yin et al., 2002). It can be noted in 
Fig. 1 that each cycle contains the current horizon (represented by the 
left line of each horizon) and the prediction horizon (represented by the 
right line of each horizon). The rolling horizon of the proposed 2-stage 
prediction framework is moved according to the size of the rolling 
step (represented by green dotted lines). The maximum scale of travel 
times and the frequency of travel time information dissemination 
through ATISs are considered in the horizon selection. The predicted 
information for time intervals within the prediction horizon is updated 
several times depending on the size of the rolling step and the length of 
the prediction horizon. Road users can adjust their route choices and 
departure times according to the frequently updated prediction infor
mation. Sensitivity tests on the cycle length were conducted in the case 
study below. 

4. Empirical study 

4.1. Relevant ITS projects in Hong Kong 

In this section, the relevant ITS projects in Hong Kong are first 
introduced to provide an overview of the traffic data adopted in the case 
study. The JTIS and speed map panel (SMP) system are representative 
ITS projects deployed in Hong Kong (Fig. 2). JTIS provides path travel 
time information on major routes for travel crossing the harbour by 
alternative tunnels between Hong Kong Island and Kowloon urban area, 
and SMP provides the path travel time and sectional speed information 
in the strategic road network of the New Territories of Hong Kong. In 
these two systems, the sectional speeds are presented in three colors to 
reflect the different traffic conditions. The path travel times and 
sectional speeds are estimated from traffic data collected from AVI de
tectors and point detectors and updated every 2 min. 

Two types of traffic detectors, AVI and point detectors, are deployed 
in these two ITS projects. For point detectors, both projects adopt video 
image detectors to collect speed and flow data. For AVI detectors, JTIS 
uses RFID tag readers, while SMP uses ALPR cameras for AVI data 
collection. A preliminary study found that RFID tag readers collect fewer 
AVI records in the New Territories than in Hong Kong Island and 

Fig. 1. The rolling horizon scheme.  
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Kowloon urban areas. Thus, to collect more samples for travel time/ 
speed estimation, the SMP project adopts ALPR technology. AVI de
tectors detect only commercial vehicles (vehicles registered by com
panies) with privacy concerns. Moreover, the license plate information 
of commercial vehicles would not be stored in the AVI database to 
protect the privacy of the drivers and vehicles. 

Previous validation studies on both JTIS and SMP have found that 
both systems can provide reliable path travel time estimates to road 
users in Hong Kong, although the numbers of traffic detectors in the 
studies were limited (Tam and Lam, 2008, 2011). However, JTIS and 
SMP only provide instantaneous travel time/speed estimates, but not the 
predicted travel time information. To enrich the travel time information 
provided by ATISs in Hong Kong, providing travelers with predicted 
travel time information for pre-trip planning is vital. 

4.2. Case study 

A path of the Hong Kong urban road network is chosen and shown in 
Fig. 3 for the case study in this paper. The 9.2 km path spans from the 
Island Eastern Corridor in Hong Kong Island to the Western Harbour 
Crossing in Kowloon urban area. The links along the path are defined 
based on the road features as well as the detection zone of point de
tectors installed along the roads. Point detectors are installed in seven 
links (referred to as observed links) along the path, and seven links are 
without point detectors (referred to as unobserved links). The free-flow 
path travel time is 8.39 min, and the average free-flow speed traveling 
along the path is 65.8 km/h. A pair of AVI detectors are located at the 

path entry and exit. The study path location is illustrated in Fig. 3 
together with the detector locations. Both the observed links (links 1, 3, 
5, 6, 8, 11, 12) and unobserved links (links 2, 4, 7, 9, 10, 13, 14) are 
marked on the location map. Observed link 6 (i.e. OL6 in Fig. 3), which 
is regarded as an unobserved link for validation, is underlined. 

The JTIS and point detector datasets for November 2017 are adopted 
as this month has no public holidays and more weekdays. There are 22 
weekdays in November 2017, excluding weekends and public holi
days. The data from 7:00 to 23:00 are adopted for the case study. The 
JTIS provides the mean of the path travel time estimates once every 2 
min. The point detector data consists of the mean and variance of 
vehicular speed at 2 min intervals. However, the data for some time 
intervals may be missing. Thus, an imputation process is performed to 
ensure the completeness of the speed dataset. To validate the prediction 
performance in this case study, the JTIS path-based dataset for 
November 29, 2017 (Wednesday), and mean link-level speed data 
collected by point detectors are adopted as the ground truth. The 
average speeds along the path and links are calculated from the distance 
and travel time on the path and links, respectively. The travel time 
prediction process follows the rolling horizon scheme, as mentioned in 
Section 3. The prediction framework is evaluated according to the most 
updated information provided by the framework, as shown in Fig. 4. For 
example, it can be observed in Fig. 4 that when the prediction horizon 
contains the prediction results for the next 8 min, only the prediction 
results for the first 2 min (represented by the first short line cut by dotted 
lines in each horizon) are to be compared with the actual path or link 
travel times (represented by the top line). In this way, the prediction 

Fig. 2. The JTIS and SMP in Hong Kong.  

Fig. 3. Map of the study path.  

A. Li et al.                                                                                                                                                                                                                                        



Asian Transport Studies 8 (2022) 100081

7

framework can achieve higher accuracy. 
In addition, a sensitivity test on the length of the prediction horizon 

is performed using the dataset of the path travel times in this case study. 
As the length of the prediction horizon is set to be equal to the length of 
the current horizon, the sensitivity test results for the cycle length and 
rolling step can be obtained for comparison. The prediction performance 
is evaluated in terms of the mean absolute percentage error (MAPE). The 
evaluation results are presented in Fig. 5. It can be found in Fig. 5 that 
the prediction accuracy decreases with an increase in the prediction 
horizon and rolling step. 

For the following experiments, we select the values of the rolling step 
and prediction horizon based on the rate of change of MAPE by the 
rolling step and prediction horizon, which is 0.06%/min and 0.36%/ 
min, respectively. Therefore, reducing the rolling step has better effi
ciency than reducing the prediction horizon. The value of the rolling 
step is set to be 2min. A trade-off exists between prediction accuracy and 
ATIS information richness. When the prediction horizon length is small, 
the ATIS-provided information is limited. Moreover, when ATIS infor
mation richness (represented by prediction horizon) is relatively large, 

the loss of prediction accuracy is faster (from 0.06%/min to 0.17%/min 
with a 20 min change of prediction horizon in Fig. 5). Therefore, the 
prediction horizon is set to be 30 min, which balances the prediction 
accuracy (5.4% of MAPE) and ATIS information richness. 

The JTIS estimates and point detector data for the past 30 min are 
used to predict the travel time information for the subsequent 30 min at 
each step. The rolling step is 2 min, which means that prediction occurs 
every 2 min. The predicted travel time information is updated once 
every 2 min. Through the data analysis of travel time variations, 
November 29, 2017 (Wednesday) is chosen for validation because of the 
larger within-day variations of travel time on that day. 

Fig. 6 shows the confidence intervals at levels of 95%, 85%, and 75%, 
which consists of the predicted means and standard deviations of the 
path travel times against the ground truth from 07:00 to 23:00. The 
within-day variations of travel times are captured in Fig. 6. The mean of 
the observed path travel times falls in the range between 481s and 
1454s. It was found in the validation results of the proposed model that 
there are 98.3% of time intervals with less than 20% of MAPE, which 
meets the JTIS performance requirement with a 95% chance that the 

Fig. 4. Example of performance evaluation of rolling horizon.  

Fig. 5. Sensitivity test results by prediction horizon and rolling step.  
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estimation errors are not greater than 20% (Tam and Lam, 2008, 2011). 
The ground truth is within the 95% confidence interval of predicted path 
travel times. It can be observed in Fig. 6 that some ground truth values 
within the upper and lower bounds of 95% confidence interval are not 
covered by that of 75% and 85% confidence intervals. Moreover, the 
maximum differences between the predicted values and ground truth at 
2-min intervals around 11:00 and 15:30 are relatively large: 397s (26%) 
and 263s (18%), respectively. These errors may be partly due to the 
larger within-day variations of travel time on that day and should be 
further investigated in the future study. 

For the prediction of travel time variations of the observed link in the 
case study, the speed data are applied in the FPCA model (alternatively, 
the converted link travel times from the speed data can be applied in the 
FPCA model). The predicted speed results are converted to link travel 
times for stage 2 of the proposed prediction framework. Fig. 7 shows a 
95% confidence interval of predicted link travel times and speeds 
against the ground truth at 07:00 to 23:00 on link 6. This link (i.e. OL6 in 
Fig. 3) is used for performance evaluation, and it is regarded as observed 
or unobserved in the latter analysis. 

The MAPE, mean absolute error (MAE), and root mean square error 
(RMSE) are adopted for evaluating the performance of prediction re
sults. The FPCA outputs in terms of travel times and speeds are sum
marized in Tables 2 and 3 respectively. The prediction error of the 
coefficient of variation of travel times and speeds (that is, the ratio 

between the mean and standard deviation of the travel times/speeds) is 
also provided in these two tables for comparison. As shown in Table 2, 
the prediction errors of both the mean and standard deviation of the link 
travel times vary considerably. The current experiments regard speed 
collected by point detectors as input for FPCA models at the link level. 
The performance may be different when converted link travel times 
from speeds are used as the input. The prediction errors of the path 
travel times are more significant than those of the link travel times. The 
errors for observed link 11 are the lowest in terms of both the mean and 
standard deviation. A site investigation has revealed that the speeds on 
link 11 are not less than 80 km/h for several days. The travel times on 
link 11 also vary slightly within a day. There are no congestions on link 
11 compared with traffic conditions on link 6. Hence, the predicted link 
travel times/speeds on link 11 are more accurate. Overall, traffic con
ditions affect the prediction accuracy of link travel times and speeds. 

In order to validate the results of stage 2 in the proposed prediction 
framework, an observed link 6 (i.e. OL6 in Fig. 3) is assumed to be un
observed, so that there are a total of six observed and eight unobserved 
links. Moreover, 2017 data, excluding weekends and public holidays, 
are also used to test the effects of the amount of historical data on the 
proposed prediction framework. Table 4 compares the prediction errors 
of the cases with link 6 as observed and unobserved. The case with link 6 
as observed features smaller errors, as traffic data on the link are 
available for prediction. Moreover, the improvement in prediction 

Fig. 6. 75%, 85%, and 95% confidence intervals of predicted path travel times at 7:00–23:00.  

Fig. 7. 95% confidence interval of the predicted average speed of link 6 during 7:00–23:00.  
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accuracy is limited when the historical data is extended from one month 
to one year for training purposes. 

For comparison, other prediction models are also applied to this case 
study, including the long short-term memory neural network (LSTM NN) 
and autoregressive integrated moving average (ARIMA) models. Other 
state-of-art LSTM models, including attention-based LSTM models (Wu 
et al., 2020) and LSTM encoder–decoder models (Wang et al., 2021), are 
compared with use of the detector data collected in 2017, excluding 
weekends and public holidays. It can be seen in Table 5 that the 
proposed framework outperforms the other benchmark models with the 
lowest MAPE, MAE and RMSE. 

5. Conclusion 

This paper proposed a 2-stage short-term rolling horizon prediction 
framework (updated once every 2 min for the next 30 min) for pre
dicting the travel time variations of both the observed and unobserved 
links along the study path using point detector data and JTIS estimates. 
Firstly, the path travel times and observed link travel times and their 
standard deviations were predicted in stage 1 with use of FPCA models. 
The stochastic processes of the current and predicting time horizons for 
the path and observed link travel time estimates were then modeled 
separately. It follows in stage 2 that the MLE model was applied to es
timate the travel time variations of unobserved links along the study 
path. 

A sensitivity test of the rolling horizon was conducted for selecting 
the appropriate rolling horizon scheme in the case study. With the 
rolling horizon of 60 min, the within-day predicted travel time varia
tions of the study path, observed links, and unobserved links were 
evaluated using an independent dataset from JTIS. The MAPEs for the 
predicted mean travel times on the study path and observed links were 
less than 10%. Meanwhile, the MAPEs for the predicted standard devi
ation of the mean travel times were less than 20% at stage 1. In the case 
study, an observed link (i.e. OL6 in Fig. 3) was regarded as unobserved 
for evaluating the prediction performance at stage 2. It was found that 
the MAPEs for the predicted mean and standard deviation of travel times 
on the unobserved link were within 20%. The validation results are 
promising and demonstrate the practical applicability of the proposed 
prediction framework. 

In the current approach, the rolling horizon was given and fixed for 

Table 2 
Results of prediction errors of path/observed link travel times, obtained by FPCA.   

Prediction errors of mean travel times Prediction errors of standard deviation of travel times Prediction errors of coefficient of variation of travel times 

MAPE (%) MAE (s) RMSE (s) MAPE (%) MAE (s) RMSE (s) MAPE (%) MAE RMSE 

Path 5.4 51.5 85.5 18.9 24.5 26.2 18.5 0.172 0.483 
Link 1 3 2.6 5 16.3 13.1 22.6 15 0.962 2.442 
Link 3 2.5 2 3.7 15.5 7 13.2 15.3 0.345 0.971 
Link 5 3.5 4.8 9.2 18.5 16.2 26.7 20 1.081 2.494 
Link 6 2.6 1.1 1.8 18.6 5 9.1 18.9 0.344 0.957 
Link 8 2.4 1.4 2.1 15.7 3.9 6.6 15.3 0.178 0.374 
Link 11 0.5 0.1 0.1 8.4 0.1 0.1 8.6 0.002 0.002 
Link 12 1.4 0.4 0.7 9.1 0.9 2.7 9.8 0.019 0.093  

Table 3 
Results of prediction errors of path/observed link speeds, obtained by FPCA.   

Prediction errors of mean speeds Prediction errors of standard deviation of speeds Prediction errors of coefficient of variation of speeds 

MAPE (%) MAE (km/h) RMSE (km/h) MAPE (%) MAE (km/h) RMSE (km/h) MAPE (%) MAE RMSE 

Path 6.9 1.9 2.2 8.1 0.9 1.1 6.8 0.018 0.021 
Link 1 4.3 1.5 1.8 8.9 0.8 0.8 5.6 0.007 0.008 
Link 3 3.5 1.3 1.7 7.7 0.8 0.8 4.8 0.008 0.01 
Link 5 5.4 1.4 2.8 8.8 0.6 0.8 5.4 0.006 0.013 
Link 6 3.6 1 1.5 7.9 0.8 0.9 5.8 0.012 0.017 
Link 8 3.5 1.2 1.4 8.3 0.9 1 6 0.014 0.017 
Link 11 0.7 0.7 0.9 4.1 1.7 1.7 3.3 0.02 0.025 
Link 12 1.7 1.2 1.6 4.4 1.1 1.1 3.3 0.009 0.012  

Table 4 
Comparison results of speed prediction errors between data with link 6 as observed or unobserved.   

Prediction errors of mean speeds Prediction errors of standard deviation of 
speeds 

Prediction errors of coefficient of 
variation of speeds 

MAPE (%) MAE (km/h) RMSE (km/h) MAPE (%) MAE (km/h) RMSE (km/h) MAPE (%) MAE RMSE 

Nov. 2017 data Link 6 as observed 3.6 1 1.5 7.9 0.8 0.9 5.8 0.012 0.017 
Link 6 as unobserved 18 4.5 5.6 15.9 1 1.1 12 0.038 0.05 

2017 data Link 6 as observed 1.9 0.6 0.9 6.3 0.6 0.7 4.3 0.009 0.013 
Link 6 as unobserved 14.8 3.9 4.7 12.1 0.7 0.9 10.4 0.026 0.04  

Table 5 
Path travel time prediction results of other benchmark models based on 2017 
data.  

Models Prediction errors of path travel 
time 

MAPE 
(%) 

MAE 
(s) 

RMSE 
(s) 

(a) Proposed framework 4.4 42.1 75.1 
(b) LSTM NN 6.1 55.8 85.2 
(c) Attention-based LSTM (Wu et al., 2020) 5.9 53.6 77.3 
(d) LSTM encoder–decoder model (Wang et al., 

2021) 
5.5 52 75.8 

(e) ARIMA 7.1 62.4 93.1  
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the within-day travel time prediction. In the future, a self-adaptive 
rolling horizon scheme will be investigated through rolling horizon 
optimization. The within-day travel time variations can be examined by 
vehicle type, to obtain the short-term predicted travel time information 
for different vehicle types. Moreover, the prediction of day-to-day travel 
time variations will be further studied according to the prediction of 
within-day travel time variations. The effects of weather and road ac
cidents on travel time/speed prediction may also be assessed in the 
future. 
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