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Abstract

Journey time prediction accuracy is an important part of trans-
portation information service. Forecasting timely and accurately is the
premise of the intelligent transportation system. Many methods have
been proposed in the literature for journey time prediction problem,
most of them need manual intervention in the construction of the fuzzy
rule base and also in determining the architecture of the neuro-fuzzy sys-
tem. This paper evaluates the performance of two recent neuro-fuzzy
algorithms that are capable of automatically determining the journey
time using a purely data driven approach and rule base architecture.
An open source traffic data has been examined and the performances of
these two neuro-fuzzy methods were compared.
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1 Introduction

In transportation, journey time is a fundamental aspect. Accurate prediction
of the journey time is important for the development of intelligent transporta-
tion system and advanced traveler information system.

Various studies have been conducted in the past decade to predict travel
times. Some of the reviews of these methods can be found in [8,11,14]. Based
on the manner of modeling, the methods are classified into 1) Time series
models including Kalman filter [6,16], 2) Auto-Regressive Integrated Moving
Average (ARIMA) models [6,7] and 3) Data-driven methods, such as neu-
ral networks [13,14], support vector regression (SVR) [4,9] and 4) K- Nearest
Neighbor (k-NN) [3,8,15] models. By using such an approach, neuro-fuzzy
methods have been applied to predict the journey time and they have been
shown to achieve better performance when compared to the traditional meth-
ods [5]. However, a major issue in the design of neuro-fuzzy systems is the
expert intervention needed for the formation the fuzzy rule-bases and in de-
termining the architecture of the neuro-fuzzy system.

Recently, neuro-fuzzy systems with self-organizing capability have been de-
veloped such that they can automatically form the necessary rule-bases and
determine their own architecture in a data-driven manner. The Self-Adaptive
Fuzzy Inference Network (SaFIN) [12] and Meta-cognitive interval type-2 neu-
rofuzzy inference system (McIT2FIS) [1] are examples of such systems and
they have been recently applied to the problem of traffic-flow prediction [2].
In this paper, we have studied the average journey-time prediction problem
using McIT2FIS and SaFIN, based on publicly available data [17].

Paper organization: The next section (section 2) provides an overview of
the approach used in this paper for average journey-time prediction. Section
3 provides the performance of SaFIN and McIT2FIS for this problem. The
conclusions from the study are finally summarized in the section 4.

2 Materials and methods

2.1 Journey time prediction as a system identification
problem

The journey time prediction an be viewed as a system identification problem
such that the predicted journey time (ŷ(t+1)) for the next time step is assumed
to be a function of the journey time observed during the past J time steps viz
(y(t), y(t−1), y(t−2), . . . , y(t−J +1)). Such a system can be modeled using
self-organized neurofuzzy approaches such as SaFIN and McIT2FIS, which are
described next.
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Self-Adaptive Fuzzy Inference Network (SaFIN) [12], is a novel a five layer
self-organizing neural fuzzy system as described in the Table 1. It is a Type-
1 neurofuzzy system. At the start of the training, there are no neurons in
the hidden layers (2 to 4) and they are slowly built up during the training
process. Fuzzy labels are created on the input and output dimension based
on the knowledge extracted from the data. SaFIN model employs categorical
learning induced partitioning (CLIP), to automatically determine the number
of clusters to provide a satisfactory representation of the incoming training
data along every inputoutput dimension. In addition, a consistent rulebase is
also obtained in SaFIN using an automated rule formation mechanism. The
numbers, positions, and spreads of the fuzzy labels are self-determined from
the training dataset.

Recently, interval type-2 neurofuzzy inference systems (IT2FIS), has been
developed [9]. The Metacognitive interval type-2 neurofuzzy inference system
(McIT2FIS) [1] also uses a five layer neuro fuzzy architecture as shown in
Table 1. It employs self-regulated learning by deciding what-to-learn, when-to-
learn, and how-to-learn to effectively capture the underlying data distribution.
Initially, there are no fuzzy rules in McIT2FIS and during learning, McIT2FIS
automatically creates the fuzzy rules that are necessary for effective learning
during the training process. The various parameters of the rules are adapted
by employing an extended Kalman filter (EKF).

Complete details of the architecture and learning process in McIT2FIS can
be found in [1] and that of SaFIN can be found in [12].

3 Results

In this section, the performance of the SaFIN and McIT2FIS algorithms are
evaluated for the average journey time prediction problem using the considered
dataset. Based on the dataset [17], the average journey time information for
the month of March 2015 was extracted for the link number AL1000, which
represents the A38 road section between A513 and A5127. The dataset pro-
vides the average journey time in this link for about 95 time periods in the
day for the entire month of March 2015.

Using the system identification approach described earlier, the average jour-
ney time data for the past 5 time periods are now used to predict the average
journey time for the next time period using the SaFIN and McIT2FIS algo-
rithms. All the numerical experiments were conducted using MATLAB 2016
running on a computer with an Intel Xeon CPU E5 with 16 GB of RAM.
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Table 1: Architecture of SaFIN [12] and McIT2FIS [1]

SaFIN McIT2FIS
Layer1 The input nodes do not perform any processing and they

directly pass the input to the next layer.
Layer2 The fuzzy labels define

the antecedent sections of
the Type 1 Mamdani-type
rules.

In this layer each ode fuzzi-
fies the input by employ-
ing an interval-2 Gaussian
membership function.

Layer3 A set of fuzzy rules (Mam-
dani/Type 1) extracted
based on training data is
defined in the rule layer of
the SaFIN model.

In this layer each node rep-
resents the upper and lower
firing strength of each of the
K rules.

Layer4 The consequents corre-
sponding to the Type1
Mamdani fuzzy rules in the
system are encoded in this
layer.

This layer each node re-
duces the interval type-1
fuzzy set to a type-1 fuzzy
number.

Layer5 The output nodes obtain a
crisp output value via de-
fuzzification.

This layer find out the de-
fuzzified output of the in-
ference system by employ-
ing the weighted average de-
fuzzification method.

3.1 Average journey time prediction using SaFIN

To validate the efficacy of SaFIN, we employed it to predict the average
journey-time flow using the dataset provided in [17]. Figure1 shows the actual
and predicted average journey time flow. It can be observed that the predicted
values trace closely the actual values. Thus, SaFIN is able to effectively iden-
tify the system and provides an accurate prediction of the average journey time
flow. The Pearson correlation coefficient (R) was calculated between the ac-
tual and the predicted outputs to numerically quantify SaFIN’s performance.
A value of 0.83 was obtained for R, indicating a strong correlation between the
actual and predicted values. The mean square error (MSE) between the pre-
dicted and actual outputs was also computed and found to be equal to 336.66.
One can improve the current performance by normalization of the data.

For the system identification task, the SaFIN employed three terms for
fuzzy clustering of each input and output dimension as shown in figure 2.
Seventeen rules were created automatically by SaFIN to perform the system
identification task.
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Figure 1: Comparison of actual and predicted values of journey time for the
link number AL1000, which represent the section of the road A38 between
A513 and A5127.
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(b) Input 2
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(c) Input 3
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(d) Input 4
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(e) Input 5
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Figure 2: Fuzzy clustering of input and output dimensions by SaFIN
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Figure 3: Comparison of actual and predicted values of journey time for the
link number AL1000, which represent the section of the road A38 between
A513 and A5127.

3.2 Average journey time prediction using McIT2FIS

The scatter plots in figure 3 show the actual and predicted values of average
journey time attained from McIT2FIS. One can see that the predicted value
traces the actual values very closely. For McIT2FIS, the correlation coefficient
between the predicted and the actual values of average journey time is 0.81.
Similarly, the mean squared error between the actual and predicted values of
the average journey time is 80.71.

Even though the correlation coefficients obtained for McIT2FIS and SaFIN
are comparable, McIT2FIS is able to achieve significantly lower MSE when
compared to SaFIN. Thus it becomes evident that McIT2FIS gives a more
accurate prediction of the average journey time using meta-cognitive learning
strategies. In order to perform the system identification task, a total of 56
rules were created automatically by McIT2FIS.

4 Conclusion

This work analysis the application of two selected recent neuro-fuzzy ap-
proaches to the average journey time prediction problem. The work uses open
source traffic data that has been utilised researchers. The work attempts
to provide an optimal solution for average journey time prediction accuracy
in transportation systems. The first approach, namely the SaFIN algorithm
is a type 1 fuzzy inference system that possesses self organizing capabilities.
The later approach, namely the McIT2FIS is an interval type 2 fuzzy infer-
ence system with meta-cognitive learning abilities. Both of these approaches
are capable of auto-determining their architecture and rule bases, as they are
purely data driven. Thus they eliminate need for human intervention during
creation of fuzzy rules and design of network. From our study, we are able
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to conclude that between the given two approaches, the McIT2FIS is able to
achieve lesser error due to its meta-cognitive learning abilities.
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