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In this paper, we aim to quantify uncertainty in short-term traﬃc volume prediction by enhancing a
hybrid machine learning model based on Particle Swarm Optimization (PSO) and Extreme Learning
Machine (ELM) neural network. Diﬀerent from the previous studies, the PSO-ELM models require no
statistical inference nor distribution assumption of the model parameters, but rather focus on generating the prediction intervals (PIs) that can minimize a multi-objective function which considers
two criteria, reliability and interval sharpness. The improved PSO-ELM models are developed for an
hourly border crossing traﬃc dataset and compared to: (1) the original PSO-ELMs; (2) two state of the
art models proposed by Zhang et al. (2014) and Guo et al. (2014) separately; and (3) the traditional
ARMA and Kalman ﬁlter models. The results show that the improved PSO-ELM can always keep the
mean PI length the lowest, and guarantee that the PI coverage probability is higher than the corresponding PI nominal conﬁdence, regardless of the conﬁdence level assumed. The study also probes
the reasons that led to a few points being not covered by the PIs of PSO-ELMs. Finally, the study
proposes a comprehensive optimization framework to make staﬃng plans for border crossing authority based on bounds of PIs and point predictions. The results show that for holidays, the staﬃng
plans based on PI upper bounds generated much lower total system costs, and that those plans
derived from PI upper bounds of the improved PSO-ELM models, are capable of producing the lowest
average waiting times at the border. For a weekday or a typical Monday, the workforce plans based
on point predictions from Zhang et al. (2014) and Guo et al. (2014) models generated the smallest
system costs with low border crossing delays. Moreover, for both holiday and normal Monday scenarios, if the border crossing authority lacked the required staﬀ to implement the plans based on PI
upper bounds or point predictions, the staﬃng plans based on PI lower bounds from the improved
PSO-ELMs performed the best, with an acceptable level of service and total system costs close to the
point prediction plans.

1. Introduction
In the last few decades, short-term traﬃc volume prediction models, an essential component for eﬃcient traﬃc management,
have been extensively studied. Short-term traﬃc volume prediction, which usually focuses on forecasting traﬃc changes in the near
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future (i.e., ranging from 5 min to 1 h), is very challenging because of the uncertain and chaotic nature of transportation systems. The
traﬃc volume is the result of the interaction among many and diverse factors, such as travelers, road network, traﬃc accidents,
weather conditions, and special events (Zhu et al., 2017a, 2017b; Zhu and Chiu, 2015). Not surprisingly, this interesting problem has
drawn the attention of researchers, and various models were studied, ranging from classical statistical models to relatively novel
machine learning models. With respect to the ﬁrst group, the Box and Jenkins techniques (e.g., Autoregressive Integrated Moving
Average (ARIMA) models) were ﬁrstly applied to the ﬁeld of traﬃc forecasting by Ahmed and Cook (1979). Since then more and
more advanced techniques from that family have been applied to traﬃc volume prediction, such as the seasonal ARIMA models
(SARIMA) (Smith et al., 2002; Williams and Hoel, 2003), the ARIMA models with intervention X-variables (ARIMAX) (Williams,
2001), and the combination of Kohonen self-organizing map with ARIMA models (Van Der Voort et al., 1996). In addition to the Box
and Jenkins models, other multivariate time series techniques were exploited to increase prediction accuracy, including the state
space model (Stathopoulos and Karlaftis, 2003) and the multivariate structural time series model (MST) (Ghosh et al., 2009). Min and
Wynter (2011) adopted a multivariate spatial-temporal autoregressive model (MSTAR) to predict the network-wide speed and volume in real time. Kalman ﬁltering theory was also utilized for short-term traﬃc forecasting. Examples include its initial examination
by Okutani and Stephanedes (1984), the state space approach by Stathopoulos and Karlaftis (2003), and the work by Xie et al. (2007)
which used a Kalman ﬁlter with discrete wavelet decomposition for short term traﬃc prediction. Extended Kalman ﬁlter techniques
that assume nonlinear state space equations to model dynamic traﬃc networks were also applied for traﬃc state estimation and
prediction (Abdi et al., 2010; Hinsbergen et al., 2012; Wang et al., 2006, 2008). Usually for these Kalman ﬁlter models, macroscopic
traﬃc ﬂow theories are used to model the traﬃc states in the traﬃc network ﬁrst, then recursive Bayesian methods such as Extended
Kalman Filter, Unscented Kalman Filter and Particle Filter, are applied to infer the unknown traﬃc states (Wang et al., 2007, 2009).
On the machine learning side, among the most widely used methods are Neural Networks (NNs) (Vlahogianni et al., 2014).
Several NN topologies have been utilized in previous studies including the multilayer perceptron networks (MLP) (Smith and
Demetsky, 1994), wavelet networks (Xie and Zhang, 2006) and local linear neural networks (Chen et al., 2006; Lin et al., 2013a). NNs
were also sometimes combined with other methods, such as fuzzy sets and genetic algorithms, to develop hybrid and more powerful
predictions methods (Vlahogianni et al., 2005; Wei and Chen, 2012; Yin et al., 2002). More recently, with deep learning NNs
demonstrating signiﬁcant advantages in dealing with big data problems such as computer vision and speech recognition, these
advanced techniques have also been applied to traﬃc state prediction (Lin et al., 2017; Lv et al., 2015; Ma et al., 2015). Besides NNs,
other machine learning methods were recently proposed for short-term traﬃc prediction. Dimitriou et al. (2008), for example,
proposed an adaptive hybrid fuzzy rule-based system approach to predict traﬃc ﬂow in urban arterial networks. Support Vector
Machine (SVM) has also been exploited for short-term traﬃc ﬂow prediction. Speciﬁcally, Zhang and Xie (2008) compared a vsupport vector machine (v-SVM) model to a NN model and concluded that the former performed better.
To further understand the strengths and weaknesses of these models, and to provide insight into choosing the most appropriate
model when facing a speciﬁc traﬃc ﬂow prediction task, Lin et al. (2013b) diagnosed four traﬃc volume datasets on the basis of
various statistical measures and correlated these measures to the performance results of the three prediction models Autoregressive
and Moving Average (ARMA), k nearest neighbor (k-NN) and support vector machine (SVM). Also, Karlaftis and Vlahogianni (2011)
reviewed the previous studies and explained the diﬀerences and similarities of statistical models and neural networks in detail.
Generally speaking, data mining models such as NNs and SVMs are often regarded as more ﬂexible than statistical models when
dealing with complex datasets with nonlinearities or missing data (Lin et al., 2013b; Zhu et al., 2017a, 2017b). However, data mining
models have their limitations such as lacking explanatory power, and being computationally expensive (Karlaftis and Vlahogianni,
2011; Lin et al., 2013b).
It is worth noting, however, that most previous studies have focused on a single-value prediction of the short-term traﬃc volume,
and relied almost exclusively on the prediction error when assessing the eﬀectiveness of a modeling approach (Karlaftis and
Vlahogianni, 2011). Given the nonlinearity of traﬃc ﬂow, traditional single-value prediction approaches are unfortunately almost
guaranteed to result in high prediction errors, which could have signiﬁcant negative impact on the eﬀectiveness of traﬃc management schemes. For example, an underestimation of traﬃc ﬂow during a sports game can pose a heavy burden on the whole road
network and result in heavy traﬃc congestion and in traﬃc accidents. In such a case, an accurate and reliable prediction interval (PI)
with upper bound and lower bound would be more useful to quantify the uncertainty and make robust plans for traﬃc operators.
For forecasting applications in various domains, the use of PIs is quite useful because PIs try to capture the uncertainty associated
with predicting the next observation, by asserting that the next observation will be contained within a given interval with a given
probability. PIs are particularly useful in operational contexts where it is desired to make staﬃng plans. Jongbloed and Koole (2001)
showed that point prediction of the call volume to a call center cannot guarantee the desired service quality at peak hours (calls need
to be answered quickly on average in between 10 and 20 s). To address this, the researchers computed the PIs for the arrival rates and
adapted the workforce for the call center based on the results. Similarly, Kortbeek et al. (2015) introduced PIs to develop ﬂexible
staﬃng policies that would allow hospitals to dynamically respond to their ﬂuctuating patient population by employing ﬂoat nurses.
PIs also have applications in the energy industry, especially in regard to wind-generated electricity. For example, owing to the
variability of wind production, PIs can be used to construct contracts for supply in an auction market (Pinson et al., 2007). Within the
transportation domain, PIs have been used for bus and freeway travel times prediction (Khosravi et al., 2011), who argued that PIs of
travel times are more meaningful because of the underlying complex traﬃc processes, and given the data quality used to infer travel
time. There are also a few studies that have generated PIs for short-term traﬃc volume forecasting (Guo et al., 2014; Kamarianakis
et al., 2005; Zhang et al., 2014), and for real-time traﬃc speed uncertainty quantiﬁcation (Guo and Williams, 2010). More recently,
Zhu and Laptev (2017) applied a Bayesian deep learning model for Uber time series demand prediction and uncertainty quantiﬁcation.
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From a technical standpoint, PIs can be derived in a number of ways, but with signiﬁcant diﬀerence in terms of interpretation. The
ﬁrst approach is a frequentist approach, which assumes that the unknown parameter is itself ﬁxed but the interval itself is random
and related to the sample dataset (Cryer and Chan, 2008). A PI with a probability of 95% asserts that were the experiment to be
conducted many times, about 95% of those would contain the unknown parameter. Autoregressive–moving-average (ARMA) model is
one of the well-known models based on this approach. The second approach is a Bayesian approach. Diﬀerent from the frequentist
approaches, Bayesian techniques assume the unknown parameter is a random variable with a probability distribution. In that case
then, the PI is assumed to be ﬁxed and is in fact derived from a posterior distribution, estimated from a prior distribution and from
previous observations. The Kalman Filter family of models is the classical example for the Bayesian approach.
Among the key challenges of generating PIs is how to quantify the variance. The assumption of constant variance, e.g. ARMA
model, compromises the forecasting ability (Zhang et al., 2014). One might reasonably expect variances to vary along with the mean
of a time series, especially in short-term traﬃc ﬂow data. Zhang et al. (2014) pointed out that the variance of traﬃc ﬂow becomes
larger during an accident, congestion, or other abnormal situations that last for a certain period. This is known as time-dependent
conditional heteroskedasticity which means that the variance, conditional on past data, propagates according to some model.
Generalized Autoregressive Conditional Heteroskedasticity (GARCH) has been proposed to capture the time-dependent variance
(Bollerslev, 1986). Kamarianakis et al. (2005) applied GARCH to provide PIs for 7.5-min average traﬃc ﬂow data. Zhang et al. (2014)
further pointed out that the GARCH model ignores the empirically important asymmetric eﬀect in traﬃc data. Instead, they applied
the Glosten-Jagannathan-Runkle GARCH (GJR-GARCH) to allow the conditional variance to respond diﬀerently to the past negative
and positive innovations. A hybrid model was proposed by the researchers to provide point predictions as well as PIs: spectral
analysis for periodic trend, ARIMA for deterministic part and GJR-GARCH model for volatility. Guo et al. (2014) applied an adaptive
Kalman ﬁlter to recursively update two state space representations converted from ARMA(1, 1) + GARCH(1, 1) to model 15-min
traﬃc ﬂow data. They showed that the adaptive Kalman ﬁlter outperformed the conventional Kalman ﬁlter for the heteroscedastic
traﬃc ﬂow rate time series. The adaptive Kalman ﬁlter uses a memory of observation errors and state estimation errors to ﬁne-tune
the process variances. Guo et al. (2014) also conducted sensitivity analyses to correlate the adaptive Kalman ﬁlter performance with
the memory size.
Quantile regression is another way to deal with the heteroskedasticity problem. It introduces linear, asymmetric loss functions
and allows estimation of percentiles (Gneiting, 2011). Quantile regression has been applied to interval prediction for electricity prices
(Nowotarski and Weron, 2015) and supermarket sales (Taylor, 2007). However, to the best of our knowledge, it hasn’t been applied
for PIs calculation of short-term traﬃc ﬂow.
Diﬀerent from all the previous statistical approaches, in this paper, we apply and improve a hybrid machine learning model called
PSO-ELM for interval prediction of short-term traﬃc volume. Extreme learning machine (ELM) is a novel feedforward neural network
with advantages such as, extremely fast learning speed and superior generalization capability (Huang et al., 2006). Furthermore,
particle swarm optimization (PSO), a well-known heuristic and population based optimization method, is applied to adjust the
parameters of ELM in an eﬃcient and robust way to minimize a multi-objective function. The multi-objective function introduces two
quantitative criteria called reliability and sharpness to evaluate the PIs. Simply speaking, the PSO-ELM model treats an interval as two
points to be estimated. The weights of the neural network ELM are learned and optimized through PSO to contain the observations
with a desired frequency (reliability) and to be as narrow as possible (sharpness). In this machine learning approach, the conditional
variance is not a concern anymore.
The PSO-ELM model has been applied to wind power prediction (Wan et al., 2014). Based on the characteristics of the short-term
traﬃc prediction problem, in this paper, we improve on the PSO-ELM previously used by Wan et al. (2014) by making the parameters
update in an on-line approach, and also by redeﬁning the calculation of reliability. We then compare the improved PSO-ELM model
against: (1) the original PSO-ELM of Wan et al. (2014); (2) the hybrid model by Zhang et al. (2014); (3) the adaptive Kalman Filter
model by Guo et al. (2014); and (4) the conventional ARMA and Kalman Filter. The comparison is made utilizing an hourly shortterm traﬃc volume dataset from the Peace bridge, one of the busiest US-Canadian borders. As will be shown in the paper, the results
show that the improved PSO-ELM models can always keep the mean PI length the lowest, while guaranteeing that the PI coverage
probability is higher than the corresponding PI nominal conﬁdence level like 90%, 95%, or 99%. To the best of our knowledge, this is
the ﬁrst attempt to apply neural network based models and multi-objective optimization to quantify the uncertainty in short-term
traﬃc volume forecasting.
Furthermore, another main contribution of our study is that we propose a comprehensive optimization framework to make
staﬃng plans for border crossing authorities, based on the interval predictions and point predictions of short-term traﬃc volume.
Although there have been a few studies that looked at the optimal staﬃng plan problem for border crossings (Lin et al., 2014b; Yu
et al., 2016), none of them considered future traﬃc predictions in developing the border staﬃng plans. Combining our previous
studies of a transient multi-server queueing model for border crossings (Lin et al., 2014b), the framework we propose in this paper
makes optimal staﬃng plans for a border crossing authority, based on the diﬀerent types of short-term traﬃc predictions considered
in this paper. These are the PI upper or lower bounds from (1) the improved PSO-ELMs; (2) Zhang et al. (2014) model; (3) Guo et al.
(2014) model; and (4) point predictions from the latter two models.
Experiments are then designed and repeated so that the border crossing port is operated under diﬀerent optimal staﬃng plans
with real observed traﬃc demand from the morning period from 7:00 to 12:00 from two typical days; (1) a holiday (President’s Day,
02/17/2014); and (2) a normal weekday (02/10/2014). The hourly average waiting times and the total system costs (operation cost
and traveler waiting cost) are recorded and compared. As we will be elaborated on later in the paper, our results show that during
holiday time periods, making plans based on upper bounds of PIs from the improved PSO-ELMs generated the lowest average waiting
times. Moreover, applying the plans from upper bounds of PIs generally produced much lower total system costs comparing to those
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using point predictions or PI lower bounds. For the normal Monday, the staﬃng plans developed based on PI upper bounds resulted in
no delay what so ever, but the total system costs were slightly higher than the costs of the plans developed based on point predictions
from Zhang et al. (2014) or Guo et al. (2014). For both the holiday and normal Monday scenarios, among the staﬃng plans developed
based on PI lower bounds, the ones from the improved PSO-ELMs performed the best, with an acceptable level of service and system
costs close to the staﬃng plans developed based on point predictions.
The rest of the paper is organized as follows. The next section provides a detailed introduction of the PSO-ELM model, the multiobjective optimization function utilized and the improvements this study introduced to the original PSO-ELM. This is followed by a
description of the dataset used. The results of the interval prediction using the improved PSO-ELM are then presented and compared
against diﬀerent models; this included the original PSO-ELM, the Zhang et al. (2014) model, the Guo et al. (2014) model, ARMA and
Kalman Filtering. Following this, the PIs and point predictions are utilized to develop border crossing optimal staﬃng plans; the
performances of the diﬀerent plans developed are then compared, in terms of total system cost and average waiting times. Finally, the
study’s conclusions are discussed and recommendations for future research are provided.
2. Methodology
This section starts by reviewing some basic concepts regarding prediction intervals or PIs. After that, two PI evaluation criteria
used in PSO-ELM algorithm are introduced. Next we discuss the PSO-ELM model and the multi-objective function utilized. We then
talk about the improvements we introduced to the original PSO-ELM, as well as the benchmark models we utilize in this study.
2.1. Prediction interval
A PI provides a lower bound and an upper bound for the future target value yi given an input Xi . The probability that the future
targets can be enclosed by the PIs is called the Prediction Interval Nominal Conﬁdence (PINC):
(1)

PINC = 100(1−α )%
where
the usual value of α could be 0.01, 0.05 or 0.10.

Obviously, the selection of α in PINC will impact the PIs. The PIs under diﬀerent PINC levels can then be represented as follows:
α

α

i ]
I i ̂ = [Lî ,U
α

(2)

where
α
iα denote the PI lower and upper bounds of target value y given α .
Lî and U
i

2.2. PI evaluation criteria
The reliability and sharpness metrics are introduced in the PSO-ELM (Wan et al., 2014) to evaluate the PIs. The normalized values
of these metrics are useful in the minimization of the multi-objective function, as will be discussed later.
2.2.1. Reliability
Reliability is regarded as a major property for validating PI models. Based on the PI deﬁnition, the future targets yi are expected to
be covered by the constructed PIs with a probability equal to the PINC 100(1−α )%. However, the actual PI Coverage Probability
(PICP) may be diﬀerent from the pre-deﬁned PINC, calculated for the dataset, as follows:

PICP =

1
N

N

∑

Diα

(3)

i=1

where

N is the dataset size;
α
Diα is a dummy variable equal to 1, if the real observation yi is within the PI I i ̂ , otherwise, Diα = 0 .
The PSO-ELM model tries to force the calculated PICP to be as close as possible to PINC. The absolute average coverage error
(AACE) is applied as the reliability evaluation criterion as shown in Eq. (4).

Rα = abs (PICP−PINC )
Naturally, the smaller the

(4)

Rα ,

the higher the reliability.
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2.2.2. Sharpness
Reliability considers only coverage probability. If reliability was to be utilized as the only model evaluation criterion, high
reliability could be easily achieved by increasing the width of the PI, rendering the PI useless in practice (since a wide PIs may not
provide accurate quantiﬁcations of uncertainties involved in the real-world processes (Wan et al., 2014; Zhang et al., 2014). A sound
PI model should be able to provide reliable, as well as sharp intervals. Sharpness thus should be considered as a second criterion,
alongside reliability.
α
Suppose the width of PI I i ̂ is represented by WIiα . The width measures the distance between the upper bound and lower bound
through

iα−Liα̂
WIiα = U
The sharpness of PI

(5)
α
Ii ̂ ,

denoted by

Siα ,

can thus be calculated as

α
+
if yi < Lî
⎪
α
Siα = w1 αWIiα,
if yi ∊ I i ̂
⎨
α
α
i ], if y > U
iα
⎪ w1 αWIi + w2 [yi −U
i
⎩
α
⎧ w1 αWIi

α
w2 [Lî −yi ],

(6)

where

w1 and w2 are two user deﬁned weights.
Eq. (6) considers the width of the PI WIiα weighted by w1 for all three diﬀerent scenarios. Additionally, when the true value yi is
lower than the lower bound, or higher than the upper bound, an extra penalty calculated by the distance of that point to the bound
and adjusted by w2 is included. This is to prevent the possibility that the PIs become too “narrow”. In practical applications, the w1
and w2 need to be carefully tuned.
The sharpness of PIs over the entire dataset can be calculated by taking the average of the normalized Siα , represented by Siα,norm ,
using Eqs. (7) and (8):

Sα =

1
N

N

∑

Siα,norm

(7)

i=1

where

Siα,norm =

Siα−min(Siα )
max(Siα )−min(Siα )

(8)

2.3. Hybrid PSO-ELM model
2.3.1. Extreme learning machine
ELM is a single hidden-layer feedforward neural network proposed by Huang et al. (2006). It has become very popular in recent
years. Previous studies have shown that ELM training is extremely fast because of the simple matrix computation, and can always
guarantee optimal performance (Huang et al., 2006; Wan et al., 2014). In addition, ELM can overcome many limitations of traditional
gradient based NNs training algorithms, such as ﬁnding local minima, overtraining and so on. The basic principle of ELM is as
follows:
Given a short-term traﬃc volume dataset, suppose the traﬃc volume at time step i is x i , using the traﬃc volumes from the
previous time steps, we can construct a feature vector Xi = [x i − n + 1,…,x i − 1,x i] and the corresponding target value yi , e.g. it could be
the traﬃc volume in the next time step. Finally, suppose we have a dataset with N distinct samples {(Xi ,yi )}iN= 1, where the inputs
Xi ∈ Rn and the targets yi ∈ Rm , the following equation can be used to ﬁnd the optimal structure of neural network ELM and
approximate the N samples with zero error:
K

fK (Xi ) =

∑

βj φ (aj ∗Xi + bj ) = yi , i = 1,…,N

(9)

j=1

where

K is the number of hidden neurons;
φ (.) is the activation function (e.g. a sigmoid function);
aj = [aj1,aj2,…,ajn]T represents the weight vector connecting the j th hidden neuron and the input neurons;
bj denotes the bias of the j th hidden neuron;
φ (aj ∗Xi + bj ) is the output of the j th hidden neuron with respect to the input Xi ;
βj = [βj1,βj2,…,βjm]T represents the weights at the links connecting the j th hidden neuron with the m output neurons.
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For simplicity, Eq. (9) can be represented as

Hβ = Y

(10)

⎡ φ (a1 ∗X1 + b1) ⋯ φ (aK ∗X1 + bK ) ⎤
⎥
H=⎢
⋮
⋱
⋮
⎢ φ (a ∗X + b ) ⋯ φ (a ∗X + b ) ⎥
1
N
1
K
K
K ⎦N × K
⎣

(11)

where

Each row of H is the outputs at the K hidden neurons for input Xi , i = 1,…,N . β is the matrix of weights at the links connecting
hidden layer and output layer and Y is the matrix of targets, respectively represented as

⎡ β1 ⎤
β=⎢⋮⎥
⎢β ⎥
⎣ K ⎦K × m

(12)

y
⎡ 1⎤
Y=⎢⋮⎥
⎢
⎣ yN ⎥
⎦N × m

(13)

Note that in ELM, the weights aj and biases bj for the K hidden neurons are randomly chosen and are ﬁxed during the training
process. A standard ELM generates the weights aj from a uniform distribution within the range of [−1,1] and the biases bj from a
uniform distribution within the range of [0,1] (Dudek, 2016; Huang et al., 2006). Tapson et al. (2014) shows that using a linear
combination of training data samples as the input layer weights can result in better performances for some tasks than the standard
ELM. This is very diﬀerent compared to the traditional gradient-based training algorithm of NNs. In this way, ELM can dramatically
save the learning time. The training of ELM is simply to ﬁnd β ∗ to minimize the objective function,

‖H (a1,…,aK ,b1,…,bK ) β elm−T‖ = minβ ‖H (a1,…,aK ,b1,…,bK ) β−Y ‖

(14)

where

‖·‖ is the function to calculate the Euclidean distance.
Finally, a unique solution of β elm can be derived through a matrix calculation:

β elm = H †Y

(15)

where

H † is the Moore-Penrose generalized inverse of the hidden layer output matrix H , which can be derived through the singular value
decomposition (SVD) method.
It is worth mentioning that to apply the ELM model for interval prediction, the target value yi in the training dataset {(Xi ,yi )}iN= 1
needs to be replaced with a pair of target bounds yi−̂ and yi+̂ , which can be produced by slightly increasing or decreasing the original
yi by ± ρ%, 0 < ρ < 100 . So after transformation, the training dataset for interval prediction using ELM should be {(Xi ,yi−̂ ,yi+̂ )}iN= 1. Then
by adjusting the number of output neurons, the ELM can directly generate the lower and upper bounds under a certain PINC level. A
structure of an ELM model for interval prediction is shown in Fig. 1. Once again, the main diﬀerence between an ELM and traditional
NNs is that, in an ELM, the hidden weights aj and biases bj , j = 1…K , are generated randomly from a uniform distribution: speciﬁcally
weights from the range of [−1,1], and biases from the range of [0,1]. These are kept ﬁxed during the training process (hence the use of
a solid line in Fig. 1 to refer to those weights and biases). The training of an ELM thus aims to ﬁnd the β s (represented in the form of
dashed lines in Fig. 1) that can minimize the objective function deﬁned in Eq. (14).
1
…

1

1

…

Input ,
= 1, … ,

…

n

2

K
Input Layer
(n neurons)

Hidden Layer
(K neurons)

Output Layer
(m = 2 neurons)

α
iα denote the PI lower and upper bounds).
Fig. 1. A structure of ELM model for interval prediction (Lî and U
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Training Dataset

Randomly generates
weights and bias
at hidden layers

ELM Learning

calculated based
on Equation (15)

Initialize the positions of
particles based on
and initialize the speed
Iteration = 0

Iteration < Max Iterations
& Object Value Changes
Greater than Threshold?

No

=

Yes

Iteration = Iteration + 1

For each particle,
Take its current position as ; Calculate the PIs using ELM; Evaluate the PIs
using Equation (16).

For each particle,
and ; Update the speed
Update
and position using Equation (17)
and (18).
Fig. 2. The ﬂow chart of PSO-ELM algorithm for interval prediction.

2.3.2. Multi-objective function and particle swarm optimization
The optimal weights β elm can be used to generate the initial positions of the particles for the PSO algorithm (more details are
provided later in the paper). PSO is a population based heuristic optimization inspired by the social behavior of bird ﬂocking or ﬁsh
schooling (Kennedy, 2011). It is an extremely simple but eﬃcient algorithm with fast convergence speed for optimizing a wide range
of functions. In this paper, it is applied to further adjust the weights β elm of ELM model in order to minimize the multi-objective
function in Eq. (16), which considers both reliability and sharpness of PIs.
min
βF

= γRα + λS α

(16)

where

Rα denotes the reliability as calculated by Eq. (4);
S α denotes sharpness as calculated by Eq. (7).
γ and λ are trade-oﬀ weights for the reliability and sharpness metrics deﬁned by the user. Some researchers have pointed out that
reliability is the primary feature reﬂecting the correctness of the PIs, and hence should be given priority (Wan et al., 2014).
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The complete learning process of the hybrid PSO-ELM algorithm for interval prediction is shown in Fig. 2. As can be seen, given a
dataset {(Xi ,yi−̂ ,yi+̂ )}iN= 1, ELM algorithm can be applied ﬁrst to get an optimal β elm using Eq. (15). Suppose the total population of
particles in the S -dimensional search space is NP (S is the total number of parameters in β elm , S = K ∗m ), the initial position of the ith
particle can be generated from a uniform distribution within the range of [β elm−0.5,β elm + 0.5] and can be represented as a vector
Pi = [Pi1,Pi2,…,PiS ]T . Once the algorithm starts learning, each particle moves around in the space with an initial speed vi , which is
uniformly produced from an interval [−vmax ,vmax ], vmax is also an S – dimensional vector. The algorithm keeps running until the user
deﬁned number of iterations Niter or a suﬃciently good ﬁtness has been reached (e.g., change of object values from two continuous
runs is less than a user-deﬁned threshold). For each iteration, the velocity and position of each particle are updated as following
equations:

vi = wvi + c1 r1 (Pib−Pi ) + c2 r2 (Pgb−Pi )

(17)

Pi = Pi + ϕvi
for i = 1,2,…,NP.

(18)

where

w is the inertia weight;
c1, c2 , ϕ are user-deﬁned constants;
r1 and r2 are random numbers within [0,1];
Pib is the best position for the particle i that generated the smallest objective function value using Eq. (16) from the previous
iterations;
Pgb is the best position among particles in the global swarm that produced the smallest objective function value using Eq. (16) from
the previous iterations.
Note that the velocity of the ith particle for the next iteration is a function of three components: the current velocity, the distance
between its own previous best position Pib and the current position, and the distance between the global best position Pgb and its
current position. The ﬁnal global best position Pgb is then taken as the values of β pso − elm to be used by ELM to make interval predictions.
2.4. Improved PSO-ELM
In this study, we improved the original PSO-ELM by making the following two reﬁnements for short-term traﬃc volume prediction task. First, instead of learning the PSO-ELM model parameters based on the training dataset and then keeping them unchanged, the PSO-ELM model can be regularly updated in an on-line approach. Every period of time l , we use the newly archived
traﬃc volume data to adjust the model parameters. For example, when the hourly traﬃc volumes of the next day are available, they
are imported to represent a new training dataset, and the PSO-ELM model is retrained.
The second improvement is related to the PI evaluation criteria. As pointed out by Zhang et al. (2014), the lack of deﬁnite
agreement on the indices of PI assessment creates a relatively new research challenge in traﬃc forecasting. Zhang et al. (2014)
applied the PICP and the mean PI length (MPIL) which is the average distance between the upper bounds and lower bounds of the
intervals to evaluate the PIs. Guo et al. (2014) proposed kickoﬀ percentage and width to ﬂow ratio. The kickoﬀ percentage is the ratio
of traﬃc ﬂow observations lying outside of PIs, and the width to ﬂow ratio is the average of width to ﬂow ratios for all the PIs.
In the original PSO-ELM model, the reliability Eq. (4) and the multi-objective optimization Eq. (16) encourage the PICP to be as
close as possible to PINC. However, it will be much better if the PSO-ELM model can generate a PICP higher than PINC, and at the
same time it can also keep the PIs as narrow as possible. Therefore, we change the way of quantifying the reliability of interval
prediction by simply revising Eq. (4) as follows and apply it to Eq. (16).
(19)

Rα = PINC −PICP

Therefore to minimize the objective value in Eq. (16), the PSO will ﬁnd a set of parameters for ELM to make PICP as high as
possible and also to keep the PIs narrow.
2.5. Benchmark models
To assess the performance of the PSO-ELM model and the improvement we made, the PSO-ELM models are compared against the
hybrid model by Zhang et al. (2014), the adaptive Kalman ﬁlter model by Guo et al. (2014), and the conventional ARMA and Kalman
Filter model. The ﬁrst two models consider the time-dependent conditional heteroskedasticity whereas the latter two models assume
constant variance. This section will ﬁrst introduce the ARMA model for interval prediction; on the basis of which, the hybrid model
by Zhang et al. (2014) is discussed. The traditional Kalman ﬁlter and the adaptive Kalman ﬁlter by Guo et al. (2014) are then
presented.
2.5.1. ARMA model
The ARMA model has been applied for point prediction of short-term traﬃc volume for years (Lin et al., 2013b; Williams and
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Hoel, 2003). Here the interval prediction using ARMA model is described following Cryer and Chan (2008). Let {yi } denote the
observed time series, {ei} represent an unobserved white noise series. An ARMA model of order (p, q) has the form,

yi = ϕ1 yi − 1 + …+ϕp yi − p + ei−θ1 ei − 1−…−θq ei − q

(20)

where

ei are i.i.d. with E (ei ) = 0 and Var (ei ) = σe2 .
The following conditional expectations exist:

E (ei + j |y1,y2 ,…,yi ) = ei + j, if j ⩽ 0; otherwise 0

(21)

E (yi + j |y1,y2 ,…,yi ) = yi + j , for j ⩽ 0

(22)

Take the conditional expectations for both sides of Eq. (20), based on Eq. (21) and (22), we can calculate the one-step-prediction
at time i + 1 as:

yi +̂ 1 = E (yi + 1 |y1,y2 ,…,yi ) = ϕ1 yi + …+ϕp yi + 1 − p −θ1 ei−…−θq ei + 1 − q

(23)

The one-step-prediction error is

pi + 1 = yi + 1−yi +̂ 1 = ei + 1

(24)

The expectation and variance of pi + 1 can be acquired through:

E (pi + 1 ) = E (ei + 1) = 0

(25)

Var (pi + 1 ) = Var (ei + 1) = σe2

(26)

Further assuming that the noise term {ei} arise independently from a normal distribution with constant variance, the parameters
ϕ1…ϕp , θ1…θq and σe can be estimated through the Maximum Likelihood Estimation (MLE) (Cryer and Chan, 2008). For a given
conﬁdence level 1−α , we could use a standard normal percentile z1 − α/2 to claim that

⎡
P ⎢−z1 − α/2 <
⎣

ei + 1
Var (ei + 1)

⎤
< z1 − α /2⎥ = 1−α
⎦

(27)

Equivalently,

P [yi +̂ 1−z1 − α/2 Var (ei + 1) < yi + 1 < yi +̂ 1 + z1 − α /2 Var (ei + 1) ] = 1−α
For example, when PINC is 95%, the PI is

α
Ii ̂

(28)

= [yi +̂ 1−1.96σe,yi +̂ 1 + 1.96σe].

2.5.2. Hybrid model by Zhang et al. (2014)
Zhang et al. (2014) decomposed the traﬃc data into three components: a periodic trend, a deterministic component and a
volatility component. In the hybrid model they proposed, spectral analysis and ARMA model were applied to capture the ﬁrst two
components. What makes their model unique, however, is the volatility component where they assume that the white noise ei is
conditionally heteroscedastic instead of constant,

ei = z i hi

(29)

where

{z i} is a sequence of i.i.d. random variables with zero mean and unit variance. The conditional distribution of ei is also assumed to
be i.i.d. with zero mean and a variance of hi .
In the Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model, hi is calculated as follows:
p

hi = a 0 +

∑

q

βj hi − j +

j=1

∑

αj ei2− j
(30)

j=1

which shows that the conditional variance is a linear combination of the lagged condition variance and past model sample variances.
Zhang et al. (2014) pointed out that GARCH model can capture the phenomenon observed in traﬃc datasets in which a large past
value of sample variance tends to be followed by another large sample variance. However, it ignores the asymmetric eﬀect in
transportation system that travelers may response diﬀerently to sudden decrease or increase in travel time. To address this, the
researchers applied the Glosten-Jagannathan-Runkle GARCH (GJR-GARCH) model to capture the asymmetric volatility eﬀect:
p

hi = a 0 +

∑
j=1

q

βj hi − j +

∑

(αj ei2− j + γj ei2− j Ii − j )

(31)

j=1
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where

1 if ei − j < 0
Ii − j = ⎧
⎨
⎩ 0 if ei − j ⩾ 0

(32)

2.5.3. The traditional Kalman ﬁlter model
The Kalman ﬁlter is also a very popular approach for short-term traﬃc volume prediction, having been ﬁrst applied by Okutani
and Stephanedes (1984). Since then, and given the model’s on-line learning and calibration capabilities, Kalman ﬁlter based approaches have been applied and tested by quite a few traﬃc volume prediction studies. However, few studies have focused on interval
prediction using Kalman ﬁlter models.
The introduction of the Kalman ﬁlter method below follows Petris et al. (2009). Assume there is an unobservable state process
θi (i = 0,1,…), and that yi (i = 1,2,…) is an imprecise measurement of θi , e.g., the observed traﬃc ﬂow. We further assume that:

θi = Gi θi − 1 + wi, wi ∼ N (0,Wi )

(33)

yi = Fi θi + z i, z i ∼ N (0,Zi )

(34)

where
the ﬁrst equation is the state equation, and the second is the observation equation;
wi and z i are two independent sequences of independent Gaussian random vectors with mean zero and unchanged variance matrix
Wi and Zi .
Suppose θ0 is speciﬁed by a normal prior distribution θ0 ∼ N (m 0,C0) , one can recursively compute the following for i = 0,1,…,
(1) The mean and variance of θi + 1 can be calculated as:

bi + 1 = E (θi + 1 |y1,y2 ,…,yi ) = Gi + 1 mi

(35)

Ri + 1 = Var (θi + 1 |y1,y2 ,…,yi ) = Gi + 1 Ci GiT+ 1 + Wi + 1

(36)

(2) The mean and variance of the one-step-prediction yt +̂ 1 can be calculated as:

yi +̂ 1 = E (yi + 1 |y1,y2 ,…,yi ) = Fi + 1 bi + 1

(37)

i + 1 = Var (y |y ,y ,…,y ) = Fi + 1 Ri + 1 FiT+ 1 + Zi + 1
Q
i+1 1 2
i

(38)

(3) Updates for the distribution of θt + 1, with the following parameters:

mi + 1 = E (θi + 1 |y1,y2 ,…,yi ) = bi + 1 + Ki + 1 pi + 1

(39)

Ci + 1 = Var (θi + 1 |y1,y2 ,…,yi ) = Ri + 1−Ki + 1 Fi + 1 Ri + 1

(40)

pi + 1 = yi + 1−yi +̂ 1

(41)

i−+11
Ki + 1 = Ri + 1 FiT+ 1 Q

(42)

Eq. (41) is the one-step-prediction error and Eq. (42) is known as the Kalman gain.
i + 1. For example, the PI with PINC = 95% can be
For each step, the Kalman ﬁlter can generate an interval using yi +̂ 1 and Q
α


̂
estimated as I i = [yi +̂ 1−1.96 Qi + 1 ,yi +̂ 1 + 1.96 Qi + 1 ].
2.5.4. Adaptive Kalman ﬁlter by Guo et al. (2014)
Guo et al. (2014) converted traﬃc ﬂow time series data, aggregated at 15-min intervals, into an Integrated Moving Average
operator IMA (0,1,1)672 , an Autoregressive Moving Average Operator ARMA (1,1) , and a GARCH (1,1) process. They further presented
two state space representations for ARMA (1,1) and GARCH (1,1) to utilize the adaptive Kalman ﬁlter. The interested readers can refer
to the paper by Guo et al. (2014) for the state space representations.
What makes the adaptive Kalman ﬁlter diﬀerent from the traditional ﬁlter is that it uses a memory of observation errors and state
estimation errors to ﬁne-tune the process variances. Suppose Ns is the prescribed memory size of the adaptive Kalman ﬁlter, the
observation process covariance matrix Zi + 1 can thus be updated based on the past Ns observation estimation errors as follows:

 =
p

1
Ns

Ns − 1

∑

pi + 1 − j

(43)

j=0
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Zi + 1 =

1
Ns

Ns − 1

∑
j=0

N −1
⎧ (p
 )(pi + 1 − j −p
 )T − s Fi + 1 − j Ri + 1 − j FiT+ 1 − j ⎫
i + 1 − j −p
⎨
⎬
Ns
⎩
⎭

(44)

The state process covariance matrix Wi + 1 can also be updated based on the past Ns state estimation errors as follows:

hi + 1 = mi + 1−bi + 1
ĥ=

1
Ns

Wi + 1 =

(45)

Ns − 1

∑

hi + 1 − j
(46)

j=0

1
Ns

Ns − 1

∑
j=0

⎧ (hi + 1 − j−h )(
̂ hi + 1 − j−h )̂ T − Ns−1 [Gi + 1 − j Ci − j GiT+ 1 − j−Ci + 1 − j] ⎫
⎨
⎬
Ns
⎩
⎭

(47)

3. Modeling dataset
In the current study, we use a short-term border crossing traﬃc volume dataset, comprised of hourly passenger car traﬃc volumes
collected at the Peace Bridge, focusing on traﬃc entering the US from Canada. The reasons we choose this dataset are as follows:
First, border crossing delay has become a critical problem with tremendous economic and social costs. According to the Ontario
Chamber of Commerce, 2005 report, borders are “the choke point of the economy”, with border delays costing the US economy
approximately $4.13 billion every year. The reports also warn that if the border delay issue is not adequately addressed, the US stands
to lose close to 17,500 jobs by 2020, and close to 92,000 jobs by 2030. The Peace Bridge, the focus of this study, is one of the busiest
Niagara Frontier border crossings, with more than two million passenger vehicles and around 500,000 commercial vehicles going
through each direction of the Bridge every year.
Second, the authors of this paper have long studied the problem of predicting border crossing delay at the Peace Bridge (Lin et al.,
2012, 2013b, 2014a, 2014b, 2015b). Our previous work has clearly demonstrated that traﬃc patterns at the border are impacted
signiﬁcantly by factors like holidays, sport events, weather and day of the week. The surrogate data test was applied to verify whether
the series is consistent with the null hypothesis of a linear Gaussian process (LGP) and the result showed the Peace Bridge dataset
clearly exhibits nonlinearity (Lin et al., 2013b). The traditional, single-value prediction approach cannot capture the dynamics of
border crossing traﬃc volumes very well (Lin et al., 2012, 2013b, 2014a). Instead, a prediction interval approach, combining reliability and sharpness, may be more appropriate.
Last but not the least, with border crossing used as a case study, we can test whether the PIs can help border crossing authorities
make optimal staﬃng plans to alleviate border crossing delay and reduce the operation cost and waiting time cost.
The size of the dataset used in this study is 900 observations, collected between 7:00 and 21:00 from January 1st to March 1st in
2014. The ﬁrst 600 data points (01/01/2014–02/09/2014) are used to train the models (i.e., the training dataset), while the rest (02/
10/2014–03/01/2014) are used to test the models. Note that in this study, our objective is to test and compare the interval prediction
performances for diﬀerent models, therefore a smaller dataset is much easier for use to explore the reasons behind why some of the
predicted points were outside of PIs. For example, because the time period of the dataset falls within the inclement winter season in
the area of the study, we could check the historical snow precipitation records for the points outside of PIs. Furthermore, the season of
popular sports events (e.g., the Buﬀalo Sabres games) is from Oct 2013 to April 2014, which also falls within the time period
considered for this period, allows us to explore other possible reasons for predictions lying outside PIs. More details regarding the
dataset will be presented in Analysis of Model Results section.
4. Model development and results
This section describes the development of the PSO-ELM models, as well as the hybrid model by Zhang et al. (2014), the adaptive
Kalman ﬁlter by Guo et al. (2014), the conventional ARMA and the Kalman ﬁlter models; the codes of these models, and the data can
be retrieved from the GitHub link provided in Appendix A. The PIs from all these models are evaluated and compared. We also
explore the reasons that led to a few points lying outside of PIs of PSO-ELM models.
4.1. Model development
First, the original, oﬀ-line PSO-ELM model was implemented in Matlab. There are quite a few hyper-parameters to tune in a PSOELM model. These include: (a) the multi-objective function parameters; (b) the ELM parameters; and (c) the PSO parameters. For the
multi-objective function related parameters, target values in the training dataset were slightly increased and decreased by 5% in
order to construct the target bounds {(yi−̂ ,yi+̂ )}iN= 1 (based on our experiments, this value doesn’t have too much impact on the results).
As mentioned earlier, for the weights w1 and w2 in the sharpness calculation Eq. (6), the optimal values need to be tuned carefully for
diﬀerent PINC levels. When the PINC was set to 90%, the weights w1 and w2 were set to 6 and 0.1, respectively. When he PINC was
95%, 11 and 0.1 were used, and when PINC was 99%, 12 and 0.1 were chosen. In general, we found that larger values of w1 generated
a narrower interval, and larger w2 made the intervals wider. Because α in Eq. (6) decreased from 0.10 to 0.01 when PINC changed
from 90% to 99%, we need to increase w1 to keep the predicted interval tight. Finally, for the multi-objective function Eq. (16), the
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Table 1
Experimental results of ELMs for three PINC levels (90%, 95% and 99%).
(Input Neuron Number, Hidden Neuron Number)

(12,
(12,
(12,
(12,
(14,
(14,
(14,
(14,
(16,
(16,
(16,
(16,
(18,
(18,
(18,
(18,

14)
16)
18)
20)
14)
16)
18)
20)
14)
16)
18)
20)
14)
16)
18)
20)

Lowest Multi-objective Function Value
PINC (90%)

PINC (95%)

PINC (99%)

0.74
0.75
0.78
0.73
0.78
0.79
0.77
0.73
0.75
0.79
0.75
0.78
0.84
0.81
0.82
0.85

0.87
0.89
0.84
0.88
0.86
0.82
0.81
0.79
0.85
0.86
0.85
0.87
0.87
0.83
0.85
0.82

0.82
0.66
0.80
0.75
0.76
0.73
0.66
0.66
0.71
0.68
0.67
0.72
0.73
0.75
0.73
0.74

weights of reliability and sharpness γ and λ were both set to 1 for all three PINC levels. This means that in our study, both criteria are
regarded as equally important.
For the ELM part, recall that the weights aj and biases bj for the K hidden neurons are randomly chosen, and are not tuned during
the training process. Here we follow the standard practice in assuming that the weights aj and biases bj of an ELM are generated from
a uniform distribution in the range of [−1,1] for the weights, aj, and in the range of [0, 1] for the biases, bj; the weights β elm at the links
connecting the hidden layer and output layer are calculated using Eq. (15). The values of the only two parameters that could be
calibrated or tuned, namely the number of neurons of the input layer and hidden layer, were determined through a grid search of
possible combinations. Sets {12, 14, 16, 18} and {14, 16, 18, 20} were separately tried for the input and hidden layers, resulting in a
total of 16 possible combinations. For each combination, the ELM model was run 1000 times based on the training dataset
{(Xi ,yi−̂ ,yi+̂ )}iN= 1. When the lowest multi-objective function value was found, the randomly generated weights aj and biases bj , and the
calculated β elm were recorded. The weights aj and biases bj , would then be ﬁxed during the following PSO experiments, whereas the
weights β elm would be used to generate the initial positions of particles in PSO algorithm. The experimental results of ELMs for three
PINC levels (90%, 95% and 99%) are shown in Table 1.
As shown in Table 1, the values of the lowest multi-objective function do not appear to be sensitive to varying numbers of the
input and hidden neurons. Nevertheless, as can be seen from the table, the optimal ELM architecture consisted of 14 neurons for the
input layer, 20 neurons for the hidden layer.
For the PSO part, the population number NP was set to 50, the iteration times Niter to 150, and w , c1 and c2 in Eq. (17) were set to
0.9, 1 and 1, respectively. The optimal value for ϕ in Eq. (18) was 0.5, and the maximum particle speed vmax was 2. Fig. 3 shows the
values of the objective function, and the reliability and sharpness metrics as a function of the number of iterations during the training
of PSO-ELM model, with PINC equal to 95%. As can be seen, the three curves converged quite early at the 60th iteration.
The objective function value decreased from 0.79 to 0.21. The absolute average coverage error (AACE), the measure of reliability,
dropped from 0.506 to 0.037 with a clear declining trend (recall lower values of AACE indicated higher reliability or accuracy), and
the sharpness curve ﬂuctuated up and down but stabilized at around 0.17 level ﬁnally. The changes of the curves show that PSO can
improve ELM to minimize the multi-objective function value.
For the improved PSO-ELM models under diﬀerent PINC levels, as mentioned earlier, we replaced the calculation of reliability
with Eq. (19), and updated the parameters of the models every 15 points in this study. With 300 observations in testing dataset, each
model was updated 20 times. The tuning of each model shared a similar process to that of the oﬀ-line PSO-ELM model.
For the hybrid model of Zhang et al. (2014), spectral analysis was conducted using R package’s TSA, the periodogram reached
local maximum at time index 3, 4, 6, 40, 80 and 120. Eq. (48) listed the estimated parameters for the cyclic regression model.

i
i
i
i
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⎞ + 18.59sin ⎛2π ∗4∗
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⎞
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⎞
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600 ⎠
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⎝
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⎝
Fig. 4 shows the original border crossing traﬃc ﬂow, the estimated trend using Eq. (48), and the residual part.
Similar to the approach of Zhang et al. (2014), the ARIMA model was trained to ﬁt the residual part using R package’s forecast
(Hyndman and Khandakar, 2008). ARIMA (1,0,0) was identiﬁed. Finally, for the residuals of ARIMA model, similarly as Zhang et al.
(2014) described, it is necessary to detect whether the ARCH eﬀect (the variation of the current term is a function of the previous
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Fig. 3. Optimization curves in PSO-ELM algorithm with 95% PINC (a. change of object value; b. change of reliability; c. change of sharpness).

error terms) exists before applying the GJR-GARCH model which assumes the conditionally heteroscedastic. The Ljung-Box statistics
of the squared values of residuals was used to test the validity of the volatility model assumptions (Zhang et al., 2014). The p -value of
the squared residuals was found to be equal to 5.8 × 10−6 , which indicates, with 99% conﬁdence, that there is strong serial correlations with the squared residuals. Therefore, the GJR-GARCH model was built using R package’s rugarch (Ghalanos, 2018). The order
of the GARCH model was (1, 1). Note that this hybrid model was updated every time step as new data became available (e.g., as the
hourly traﬃc volumes arrive sequentially in short-term traﬃc prediction).
On the other hand, according to the approach of Guo et al. (2014), the structure of ARIMA was extracted directly from the raw
training dataset based on R package’s forecast (Hyndman and Khandakar, 2008). The results showed that the border crossing traﬃc
ﬂow is a seasonal ARIMA model SARIMA (1,0,0)(2,0,0)15 and the seasonality of the period is 15. The parameters of this
SARIMA (1,0,0)(2,0,0)15 are as follows:

(1−0.754∗B )(1−0.411∗B15−0.116∗B30) yi = 255.92

(49)

where

B is called backward shift operator, B dyi = yi − d .
For the residuals, GARCH (1,1) structure was applied. The conversions from ARIMA and GARCH to state space functions were
done using R package’s dlm (Petris et al., 2009), which utilizes the maximum likelihood method to estimate the parameters in the
state and observation functions. Finally, the adaptive Kalman ﬁlter algorithms to update the two state space functions were implemented in Python. The results of the experiments conducted to determine the memory sizes of the two Adaptive Kalman ﬁlters are
summarized in Table 2.
As can be seen in Table 2, the multi-objective function value had an obvious drop when the memory size for the ARIMA process
increased from 50 to 100 and reached its lowest level when the memory size for GRACH process was set to 200. The multi-objective
function values increased again when the memory size of ARIMA process was increased further. Therefore, for all three PINC levels,
the optimal memory sizes of the adaptive Kalman ﬁlters were set to 100 and 200 for the ARIMA and GARCH separately.
For the traditional ARMA and Kalman ﬁlter models, the similar tools and processes were applied. The R package forecast was used
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Fig. 4. Decomposition of border crossing traﬃc ﬂow.
Table 2
Experimental results of adaptive kalman ﬁlters for three PINC levels (90%, 95% and 99%).
(Memory Size for ARIMA, Memory Size for GARCH)

(50, 50)
(50, 100)
(50, 150)
(50, 200)
(100, 50)
(100, 100)
(100, 150)
(100, 200)
(150, 50)
(150, 100)
(150, 150)
(150, 200)
(200, 50)
(200, 100)
(200, 150)
(200, 200)

Multi-objective Function Value
PINC (90%)

PINC (95%)

PINC (99%)

0.77
0.72
0.72
0.69
0.43
0.20
0.17
0.19
0.76
0.72
0.72
0.69
0.76
0.71
0.71
0.68

0.79
0.74
0.72
0.66
0.39
0.20
0.19
0.18
0.79
0.74
0.72
0.66
0.78
0.72
0.70
0.64

0.73
0.54
0.51
0.42
0.24
0.09
0.06
0.05
0.72
0.54
0.51
0.42
0.71
0.52
0.49
0.38

to automatically select the optimal ARMA model for the given training dataset, and predictions were made for the next 300 points
constituting the testing dataset. For each data point, the PIs with diﬀerent PINCs 90%, 95% and 99% were calculated. It’s worth
noting that we used the “auto.arima” function in the R forecast package to build the ARMA models. The “auto.arima” function applies
a range of ARIMA models and automatically selects the best one according to the AIC (Akaike’s Information Criterion) (Hyndman and
Khandakar, 2008). Hence, there is a possibility that the selected ARMA model by the “auto.arima” function may not be the optimal
one for this particular prediction task. For the traditional Kalman ﬁlter, all modeling and ﬁtting were done using the R package dlm
(Petris et al., 2009). The recursive form of the computations makes Kalman ﬁlter a natural and straightforward approach for computing the one-step-ahead forecast and to update the model itself sequentially.
4.2. Model results
As described above, this study built six diﬀerent models for three PINC levels 90%, 95% and 99%, namely: (1) the improved PSO336

Transportation Research Part C 92 (2018) 323–348

L. Lin et al.

Fig. 5. Comparison of PIs under diﬀerent PINC levels.

ELM; (2) the original PSO-ELM; (3) the hybrid model by Zhang et al. (2014); (4) the adaptive Kalman Filter by Guo et al. (2014); (5)
the traditional ARMA model; and (6) the traditional Kalman ﬁlter model. To compare the PIs of these models, for each model, we
calculated the PICP metric introduced previously, which calculates the ratio of the 300 observations in the testing dataset falling
within the PIs, and the MPIL metric which measures the average distance between the upper bounds and lower bounds of the
intervals as described earlier in the paper (Zhang et al., 2014). We also calculated the reliability Rα and the sharpness S α criteria,
however, we found that the PICP and MPIL metrics can help us evaluate the models in a more straightforward way.
The results in Fig. 5 reveal the following interesting observations. First, it’s obvious that ARMA models performed the worst. As
can be seen, the ARMA model’s PICP is even lower than the speciﬁed PINC level, and its MPIL is the largest among the six models.
Similarly, the PICPs of the traditional Kalman ﬁlter model did not reach the PINC levels either. This shows that simple ARMA and
Kalman ﬁlter models were not able to provide reliable PIs. This could be the result of the constant variance invalid assumption.
Secondly, because the original PSO-ELM model aims to minimize the multi-objective function by making PICP as close as PINC, it can
be seen that the model’s PICPs are exactly equal to the speciﬁed PINCs for all the levels. Also because the models are not updated
when the new data arrives, the MPILs of the PSO-ELM models are also the highest among the models except the ARMA models. Third,
as can be seen, all of the other three models provided higher PICP than the speciﬁed PINC level (for example, the PICP of the
improved PSO-ELM model was 94% when the speciﬁed PINC was 90%). If we speciﬁcally focus on the performance of the improved
PSO-ELM model developed in this study, one can see that the improved PSO-ELM had the smallest MPIL among all six models for the
three speciﬁed PINC levels, and its PICP is higher than or the same as the model of Guo et al. (2014). Finally, it can be seen that while
the hybrid model of Zhang et al. (2014) always yielded a value of 100% for PICP for all three PINC levels, it had the largest MPIL
among the three on-line models.
Furthermore, to evaluate a PI series, Christoﬀersen (1998) suggests that the occurrence of an interval covering the true value
should be independent of previous coverages. That is, given a PINC level and the corresponding 300 PIs for the testing dataset, we
record 0 if the real observation falls outside of the PI, otherwise we record 1; the assertion is that the resulting binary process follows
a Bernoulli distribution with a success probability 1−α . In particular, the observations should be independent, otherwise there is a
potential model misspeciﬁcation. Christoﬀersen (1998) provides a simple likelihood ratio test, for independence against dependence,
as modeled by a ﬁrst order Markov process. We used this test to further assess the models under consideration.
Table 3 shows the p-values for the independence test under diﬀerent PINC levels. High p-values indicate evidence of independence in PIs, such as those provided by the improved PSO-ELM, PSO-ELM and Guo et al. (2014) models. It is worth noting that
if the PICP is too high, e.g., all the real observations are included in the PIs of Zhang et al. (2014), the test statistic will not be reliable.
The results also indicate that ARMA and Kalman Filter produce estimates with dependent errors. Owing to the fact that the parameters of these models were optimized, it is possible their parametric forms lack the ﬂexibility to adapt to the data.
The rest part of this section focuses on analyzing the PIs provided by the PSO-ELM models. Fig. 6 shows the 300 real observations
from the testing dataset and the PIs of the original PSO-ELMs under the three PINC levels. The real observations are marked as red
when they fell outside of PIs, green when they fell within top half of PIs, and yellow within the bottom half of PIs. As can be seen,
ﬁrst, moving from the top ﬁgure, of say Fig. 6, to the ones below it, when the PINC level increases from 90% to 99%, the PIs become
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Table 3
Independence likelihood ratio test for PIs under diﬀerent PINC levels.
PINC = 90%

PINC = 95%

Number of

Improved PSO-ELM
PSO-ELM
Zhang et al. (2014)
Guo et al. (2014)
ARMA
Kalman Filter

p-Value

“1”

“0”

282
271
300
281
252
261

18
29
0
19
48
39

0.931
0.455
NA
0.836
0.000
0.002

PINC = 99%

Number of

p-Value

“1”

“0”

293
285
300
292
267
279

7
15
0
5
33
21

0.142
0.774
NA
0.507
0.000
0.001

Number of
“1”

“0”

300
298
300
299
285
292

0
2
0
1
15
8

(a)

(b)

(c)

Fig. 6. PIs of PSO-ELM by PINC levels (a. PINC = 90%; b. PINC = 95%; c. PINC = 99%).

338

p-Value

NA
0.87
NA
0.935
0.000
0.012

Transportation Research Part C 92 (2018) 323–348

L. Lin et al.
(a)

(b)

(c)

Fig. 7. PIs of Improved PSO-ELM by PINC levels (a. PINC = 90%; b. PINC = 95%; c. PINC = 99%).

correspondingly wider and thus naturally fewer observations fall outside the PIs; speciﬁcally, there were 29, 15 and 2 points (marked
in red) that fell outside PIs the PINC levels of 90%, 95% and 99%, respectively. For example, the point marked with the black circle
fell outside of the PI under 90% PINC, but within the PIs under the 95% and 99% levels. Similarly, the point marked with the orange
circle only fell within the PI when the PINC was 99%.
In the same way, the PIs of improved PSO-ELM models by PINC levels and the 300 data points are shown in Fig. 7. If we compare
the PIs with those under the same PINC level in Fig. 6, we can notice immediately that they are much narrower. Meanwhile there are
fewer points outside of PIs under the same PINC. The same point circled with black is already within the interval when it is 90% PINC,
and the orange-marked point is covered by the interval when it is 95% PINC. Figs. 6 and 7 are consistent with the PICP and MPIL
values of the PSO-ELM models shown on Fig. 5, which demonstrate the superior performance of the improved PSO-ELM model
proposed herein. However, Figs. 6 and 7 show that the PIs of PSO-ELM models have prediction bias to some extent. The PIs appear to
be somewhat on the high side, which resulted in more points falling within the bottom half of the interval. This was especially the
case when PINC was set to 99%, where it can be seen that were 209 and 225 points falling within the bottom half of PIs for PSO-ELM
and improved PSO-ELM models. This can be explained by the fact that the training of PSO-ELM models only focuses on the reliability
and sharpness of PIs. As a relatively new area in traﬃc forecasting (Zhang et al., 2014), we suggest that future research consider the
possibility of revising the PI assessment criteria, or of adding another new criterion in the multi-objective function.
Figs. 6 and 7 also show that even for the points outside of PIs, they are still very close to the bounds. The points in the testing
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Fig. 8. Exploration of 29 points outside of PSO-ELM PIs when PINC = 90% (a. 16 points greater than upper bound; b. 13 points smaller than lower
bound). (Note the 11 points marked with * are still outside of the Improved PSO-ELM PIs when PINC = 90%).

dataset that fell outside the bounds were closely examined to discern possible reasons that led to this happening. As an example, for
the PSO-ELM model when the PINC was 90%, we checked each of the 29 points lying outside of the PIs from the aspects of the day of
the week, peak hour, and weather and whether the day had a special event (e.g., a sport games occurred on that day). For the day of
the week, we distinguish between weekends (long weekend holiday, Friday, Saturday and Sunday) and non-weekends. Peak hours are
deﬁned as those between 07:00–09:00 and 17:00–19:00 for non-weekends. For weather, we distinguish between snowy and nonsnowy days based on precipitation information (Weather Underground, 2016). For special event days, we consider whether a major
sport game was taking place that day such as home games of the Buﬀalo Bills and Buﬀalo Sabres. Fig. 8 shows the situations under
which the 29 outliers occurred.
First, from Fig. 8 we can see that for the data set considered, all days had some snow with the exception of only three days (Feb
12th, 17th, and 28th), and therefore it may be hard to judge whether snow has an impact or not on predictions lying outside the PI.
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Second, from Fig. 8a, the majority of the points that were beyond the upper bound of the interval (speciﬁcally 13 out of the 16 points)
occurred on weekends or on Presidents’ Day (Feb 17th). With respect to Fig. 8b, for the 13 points that were below the lower bound, it
can be seen that the majority occurred on weekdays (10 out of the 13 points), and during the peak hours in the afternoon. Third,
regarding special events, there were two Buﬀalo Sabres matches on Feb 26th and Feb 28th in 2014. Based on the oﬃcial website
(Buﬀalo Sabres Schedule, 2013–2014), the game schedule was at 19:30 and 19:00, respectively. Because Canadian fans need to travel
to the US before the game starts, the traﬃc volume at 16:00 on Feb 26th, for example, was greater than the upper bound of PI
(Fig. 8a), whereas the traﬃc volumes during the game time itself (e.g., at 19:00 and 20:00) on the same day were smaller than the
lower bound (Fig. 8b). Similar traﬃc patterns could be observed because of the other game on Feb 28th.
We further checked the points outside of PIs for the improved PSO-ELM under the same 90% PINC level. The PICP of the PIs was
equal to 94% (Fig. 5), which meant that a total of only 18 points (i.e., 6% of 300) in the testing dataset was not covered by PIs. Upon
closer examination, we found that half of these were greater than the upper bound and half were smaller than the lower bound. 11
out of these were the same as the points marked with asterisk on Fig. 8 (i.e., those points were outliers for both the improved as well
as the traditional PSO-ELM model). No new patterns beyond those discussed above, could be discerned from the other seven points.
5. Model application for optimal staﬃng plan development
In this section, we propose a comprehensive optimization framework to make staﬃng plan recommendations for border crossing
authorities, based on future traﬃc volume predictions from the diﬀerent models described above (this includes the use of both PI
bounds and point predictions). We then compare these diﬀerent staﬃng plans in terms of average waiting times and total system cost.
5.1. Optimal staﬃng plan development framework
The researchers of this paper previously proposed a generic queueing model with a Batch Markovian Arrival Process (BMAP) and
Phase Types (PH) services for border crossing delay calculation (Lin et al., 2014b). The transient solution of the BMAP/PH/n
queueing model was obtained using heuristic methods. We then compared the queueing models’ estimates to the results from a
detailed microscopic traﬃc simulation model of the Peace Bridge border crossing, and showed that the transient multi-server
queueing model, along with the heuristic algorithm, is capable of estimating the border crossing waiting time accurately and eﬃciently.
In that study, we also incorporated the queueing model within an optimization framework to help inform border crossing
management strategies. The optimization model is shown below.
Bi

minC
i

= Cope ∗Bi + Cw ∗Vi + Cpun

(50)

s.t.

Vi ∗μ
⩽ Th w,
Bi
Bmin ⩽ Bi ⩽ Bmax ,
where

Ci is the total cost of the queueing system during hour i;
Cope is the cost per hour to operate one booth;
Cw is the hourly cost of waiting time per vehicle;
Bi is the number of open booths during hour i ;
Vi is the average number of waiting vehicles during hour i, which can be calculated based on the transient BMAP/PH/n queueing
model;
μ is the average service time (seconds);
Cpun is the penalty cost for changing the number of open booths from one hour to the next, calculated as follows Cpun = c∗|Bi−Bi − 1 |,
where c is the penalty for switching for one booth;
Vi ∗ μ
⩽ Th w is the constraint that ensures that the average waiting time is less than a threshold value, Th w ;
Bi
Bmin ⩽ Bi ⩽ Bmax is the constraint for the number of available booths.
The goal of the optimization is to minimize the total system cost of the queueing system for a given hour i , including the cost for
both the travelers as well as the operating agency. While doing that, the problem strives to keep the expected waiting time below a
certain threshold. The total cost consists of three elements. The ﬁrst element is the operating cost of opening the inspection stations,
calculated by multiplying the assumed hourly cost of operating one booth by the number of booths or inspection stations open during
hour i . The second element is the cost of the wait time travelers spent waiting in the queue at the border, calculated by multiplying
the assumed monetary value for one hour of waiting time by the average number of vehicles in the queue during hour i. The third
element is a penalty term designed to capture the cost of switching between an open and a closed inspection lane (or vice versa). Two
constraints are included: the ﬁrst constraint is added to keep the average delay per vehicle below a certain threshold while a second
constraint is included to make sure the number of inspection lanes open does not exceed the physical number of lanes available at the
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border crossing. If the ﬁrst constraint cannot be satisﬁed with all the available booths open, we will set Bi as the one that can
minimize the total cost Ci .
Our previous study didn’t try to make the optimal staﬃng plans based on the future traﬃc predictions (Lin et al., 2014b). With the
BMAP/PH/n queueing model and the optimization function, we are capable of developing optimal staﬃng plans for border crossing
authority based on a series of diﬀerent types of short-term traﬃc predictions, such as the PI upper or lower bounds or point predictions. We can then evaluate diﬀerent optimal staﬃng plans in terms of waiting times and total system cost. The optimal staﬃng
plan development framework is as follows:
Step 1: At the beginning of hour i, check how many vehicles are waiting in the queue Vi − 1 and record the number of open booths
Bi − 1. These are necessary inputs to the queueing model and the optimization model. Based on the next hour traﬃc prediction (PI
upper or lower bound or point prediction), calculate the optimal number of open booths Bi as the staﬃng plan for hour i using the
Eq. (50).
Step 2: With the optimal number of open lanes determined, use the real traﬃc demand of the hour i as the input of the BMAP/PH/
n queueing model (Lin et al., 2014b), run the multi-server queueing model. This is to simulate the real world scenario if the border
crossing authority followed the optimal staﬃng plan based on the short-term traﬃc prediction.
Step 3: At the end of hour i, record the system cost Ci and average waiting times Vi ∗ μ based on the queueing model. Record the
Bi
number of waiting vehicles in the queue Vi and the number of open booths Bi .
Step 4: keep running Step 1 to Step 3 until the scheduled operational period ends.
In this study, the parameters in Eq. (50) are set as follows. For the hourly operating cost of one booth (Cope), a value of $150 was
assumed. For the monetary value of one hour of wait time (Cw), it was estimated to be around $25. The penalty for switching one
booth (c ) from closed to open (or vice versa) was set as $20. Given that the maximum number of inspection stations that can be
opened at the Peace Bridge is 10, which meant that Bmin = 1 and Bmax = 10 . Average service time μ was set as 44.58 s (based on realworld observations from our previous research). The accepted delay threshold (Th w ) was considered as 10 min. More details can be
found in the reference (Lin et al., 2014b).

5.2. Optimal staﬃng plan comparison
The optimal plan development framework allows us to calculate and compare hourly average waiting times and total system costs
for the operational period for various types of predictions such as the upper bounds or lower bounds of PIs. Based on the analysis of PI
performances in Section 4, we chose the PIs from improved PSO-ELM, Zhang et al. (2014) and Guo et al. (2014). The experiments also
tested the point predictions from Zhang et al. (2014) and Guo et al. (2014) to verify if PIs could result in better staﬃng plans. For the
operational periods, we picked two representative morning periods to compare the performances of diﬀerent predictions. One is
7:00–12:00 on 02/10/2014, a normal Monday, and the other one is 7:00–12:00 on 02/17/2014, President’s Day. We diﬀerentiate the
predictions of diverse models by integrating the model name, the PINC level, with “U” for upper bound or “L” for lower bound. For
example, “Im_PSO-ELM_90L” means the predictions are from the lower bounds of the improved PSO-ELM under 90% PINC level. For
the point predictions from the models of Zhang et al. (2014) and Guo et al. (2014), they were simply named as “Zhang_Point” and

Fig. 9. Average waiting times based on diﬀerent model predictions on Monday (02/10/2014).
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Fig. 10. Average waiting times based on diﬀerent model predictions on President’s Day (02/17/2014).

“Guo_Point” separately.
Note that as the warming-up stage of the queuing model and the staﬃng plan development process, the results for the ﬁrst hour
(i.e., 7:00–8:00) are not included in the analysis. Fig. 9 shows the average waiting times for 8:00–12:00 based on six sets of upper or
lower bound predictions when PINC level is 90% and two types of point predictions. The shaded area formed by the corresponding
upper and lower bounds is the average waiting times interval.
From Fig. 9, ﬁrst we can observe that for this normal Monday, using the upper bounds to determine the border crossing staﬃng
plan result in zero wait time for all hours, regardless of which model is used; this may not be necessary in real-world. Second,
applying the plans from point predictions can cause the average waiting times to be around ﬁve minutes most of the time. The plans
from “Zhang_Point” usually work better than those from “Guo_Point”, except for 9:00. Third, for the staﬃng plans based on the PI
lower bounds, the one from “Im_PSO-ELM_90L” performs the best with the average waiting times less than 10 min from 9:00 to 12:00,
and are sometimes lower than or close to the plan from “Guo_Point”, while the plans from “Zhang_90L” and “Guo_90L” lead the
average waiting times to be higher than 15 min.
When there is a much higher traﬃc demand, e.g. 02/17/2014 or President’s Day, the average waiting times by hour based on the
plans from diﬀerent types of predictions are shown in Fig. 10.
From Fig. 10, ﬁrst it looks like the plans from PI upper bounds perform much better, based on those, the average waiting times are
less than 10 min for all models. This is especially true for the plans from “Im_PSO-ELM_90U”, where the average waiting times are
always the lowest from 9:00–12:00 and are around ﬁve minutes. Second, the point predictions underestimate the real traﬃc demand
sometimes, therefore the plans based on point prediction may cause the average waiting time in that hour and next few hours to be
very high. For example, the average waiting time based on “Guo_Point” is higher than 20 min for the hour 10:00. Third, if the plans
from “Zhang_90L” and “Guo_90L” were applied, the average waiting times could be as high as 30 min. However, the plan from
“Im_PSO_ELM_90L” result in average waiting times to be within 10 min to 20 min. The average waiting time is less than “Zhang_Point” for 9:00 and “Guo_Point” for 10:00, and are almost as good as those from the point predictions for 11:00 and 12:00. This is
mainly because of the narrow width or sharpness of the PIs from the improved PSO-ELM.
The following Table 4 further summarizes the total system costs for various sets of staﬃng plans from the diﬀerent predictions

Table 4
Total system cost from 8:00 to 12:00 on Monday (02/10/2014).
Lower Bound Predictions

Cost ($)

Upper Bound Predictions

Cost ($)

Point Predictions

Cost ($)

Im_PSO-ELM_90L
Im_PSO-ELM_95L
Im_PSO-ELM_99L
Zhang_90L
Zhang_95L
Zhang_99L
Guo_90L
Guo_95L
Guo_99L

4092
4092
5292
7275
12,758
14,384
6194
7791
8064

Im_PSO-ELM_90U
Im_PSO-ELM_95U
Im_PSO-ELM_99U
Zhang_90U
Zhang_95U
Zhang_99U
Guo_90U
Guo_95U
Guo_99U

3510
3770
4370
3170
3320
3620
3340
3490
3620

Zhang_Point

3001

Guo_Point

3058
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Table 5
Total system cost from 8:00 to 12:00 on President’s Day (02/17/2014).
Lower Bound Predictions

Cost ($)

Upper Bound Predictions

Cost ($)

Point Predictions

Cost ($)

Im_PSO-ELM_90L
Im_PSO-ELM_95L
Im_PSO-ELM_99L
Zhang_90L
Zhang_95L
Zhang_99L
Guo_90L
Guo_95L
Guo_99L

13,437
21,460
25,988
29,611
35,541
39,925
23,172
22,780
31,928

Im_PSO-ELM_90U
Im_PSO-ELM_95U
Im_PSO-ELM_99U
Zhang_90U
Zhang_95U
Zhang_99U
Guo_90U
Guo_95U
Guo_99U

5458
5933
5783
6308
6308
5573
6288
6288
5457

Zhang_Point

12,215

Guo_Point

11,508

from 8:00 to 12:00 on Monday, 02/10/2014. First for the normal weekday morning hours, the staﬃng plans developed utilizing point
predictions, perform better than the PI bound plans with the total system costs around $3000. Second, although implementing the
staﬃng plans from upper bounds can keep the average waiting times all zero as shown in Fig. 9, the total system costs are a little
higher than the plans from the point predictions because of the low real traﬃc demand and the extra operation costs from opening
more booths. Third, considering that the PI lower bound is usually smaller than the real traﬃc demand, therefore it is much easier to
satisfy the PI lower bound staﬃng plan. If the operation authority is short-staﬀed to implement the plans from PI upper bounds or
point predictions which may require more open booths, only the plans based on the PI lower bounds from improved PSO-ELMs can
still keep a reasonable level of service (less than 10 min from 9:00 to 12:00 in Fig. 9), and the total system costs are only $1000 more
comparing with the point prediction plans due to more waiting travelers.
In contrast, Table 5 shows the total system costs for diﬀerent plans from 8:00 to 12:00 on President’s Day in 2014. We notice that
the total system costs become much higher for plans based on point predictions, about $12,000 comparing with the previous $3000 in
Table 4. Again, this is mainly the result of the underestimation of high traﬃc demand on this holiday and the huge waiting time costs
from the travelers. The poor performances of the plans from lower bounds are because of the same reason. However, note that the
plans using predictions from “Im_PSO-ELM_90L” generate a cost of $13,437, which is very close to the costs from the point predictions with only $1000 more in additional expense. Again this shows the plans from PI lower bounds of the improved PSO-ELM
could be quite useful when the management authority lacks staﬀ.
More importantly, Table 5 shows that in this case, to keep the border crossing traﬃc from Canada to US moving smoothly, we’d
better implement the staﬃng plans based on the PI upper bounds. Although the operation costs are higher, travelers spend much less
time waiting at the border (Fig. 10). Therefore, the total system cost can be controlled down to as low as around $5500. When using
upper bounds, and no matter which PINC level is chosen, the total system costs based on the upper bounds of improved PSO-ELMs are
always less than $6000. Note that our analysis did not consider indirect beneﬁts of reduced delays (e.g., tourists can spend more time on
shopping, food and entertainment and so on in US during holidays) nor environmental beneﬁts resulting from reductions of idle engines
waiting at the border.
In addition to picking the two speciﬁc time periods for detailed analysis (i.e., a normal Monday and President’s Day), the study
also calculated the average waiting times and average costs for the entire testing data set consisting of 300 h. The overall performances of the staﬃng plans, developed based upon the diﬀerent models investigated in this study, are summarized in Table 6 and
Table 7. The observations from the average waiting times table (Table 6) are quite consistent with the results obtained for a normal
Monday and shown in Fig. 9. Speciﬁcally, (1) the staﬃng plans derived from using PI upper bounds result in almost zero waiting
times; (2) applying the plans based upon Zhang’s point prediction (i.e., “Zhang_Point”), work better than those from Guo’s point
prediction (i.e., “Guo_Point”); (3) for the staﬃng plans developed based upon the PI lower bounds, the one from “Im_PSO-ELM_90L”
performs the best. This may be attributed to the fact that most days in the testing dataset are normal days. For Table 7, the average
costs of plans derived from PI upper bounds, are lower than the other types of plans. The upper bound plan from Guo et al. (2014), in
particular, has the lowest average cost under the same PINC level. For the lower bound plans, the plan from “Im_PSO-ELM_90L”
perform the best with average cost $1570. Once again, the results show that when a border crossing authority is short of staﬀ, plans

Table 6
Average waiting times (mins) for 300 hours in testing dataset.
Lower Bound Predictions

Mins

Upper Bound Predictions

Mins

Point Predictions

Mins

Im_PSO-ELM_90L
Im_PSO-ELM_95L
Im_PSO-ELM_99L
Zhang_90L
Zhang_95L
Zhang_99L
Guo_90L
Guo_95L
Guo_99L

11.87
12.52
15.82
14.77
16.90
22.13
16.52
18.10
21.60

Im_PSO-ELM_90U
Im_PSO-ELM_95U
Im_PSO-ELM_99U
Zhang_90U
Zhang_95U
Zhang_99U
Guo_90U
Guo_95U
Guo_99U

1.02
0.63
0.32
0.74
0.63
0.37
1.25
0.80
0.43

Zhang_Point

3.95

Guo_Point

6.53
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Table 7
Average costs ($) for 300 hours in testing dataset.
Lower Bound Predictions

Ave-cost ($)

Upper Bound Predictions

Ave-cost ($)

Point Predictions

Ave-cost ($)

Im_PSO-ELM_90L
Im_PSO-ELM_95L
Im_PSO-ELM_99L
Zhang_90L
Zhang_95L
Zhang_99L
Guo_90L
Guo_95L
Guo_99L

1570
1610
2030
1850
2110
2980
2060
2340
3030

Im_PSO-ELM_90U
Im_PSO-ELM_95U
Im_PSO-ELM_99U
Zhang_90U
Zhang_95U
Zhang_99U
Guo_90U
Guo_95U
Guo_99U

795
803
846
764
774
807
746
745
766

Zhang_Point

871

Guo_Point

1010

derived from using the improved PSO-ELM lower bounds can result in lower average waiting times and costs.

6. Conclusions and future research directions
This study introduced and applied a hybrid machine learning model called PSO-ELM to quantify uncertainty in short-term traﬃc
prediction by providing PIs under diﬀerent PINCs. The study evaluated PIs with a multi-objective function considering two criteria
reliability and sharpness. The study reﬁned the original PSO-ELM model, to allow it to run in an on-line fashion, and redeﬁned the
reliability criterion. The paper compared the performances of the PSO-ELM models against two models recently proposed by Zhang
et al. (2014) and Guo et al. (2014), as well as against two traditional approaches ARMA and Kalman ﬁlter. The models were
developed utilizing an hourly traﬃc data set for traﬃc crossing the Peace Bridge International Border. The comparison results
showed that ARMA and Kalman ﬁlter cannot guarantee reliable predictions, with their PICPs always ending up lower than the
speciﬁed PINCs. For the other models, the PICP for the original PSO-ELM was always very close to the speciﬁed PINC, whereas the
PICPs for the remaining three models were higher than the corresponding speciﬁed levels of 90%, 95%, or 99%. Speciﬁcally, the PICP
of the model by Zhang et al. (2014) was equal to 100% for all cases, and that for the improved PSO-ELM had a PICP higher than or
equal to the model by Guo et al. (2014). For MPIL, the improved PSO-ELM yielded the smallest value for all speciﬁed PINC it is the
smallest for the improved PSO-ELM for any PINC level, followed by Guo et al. (2014) and Zhang et al. (2014); the original PSO-ELM
had a relatively high MPIL. Therefore, in general, only the PIs from the improved PSO-ELM models were found to be reliable and
sharp. Furthermore, the quantitative multi-objective function allows the improved PSO-ELM models to adjust the weights of reliability and sharpness, while the statistical models don’t provide such a mechanism.
The study then constructed a comprehensive staﬃng plan development framework to minimize total system cost for border
crossing based on the upper bounds or lower bounds of the PIs, or point predictions. Experiments were conducted for the time period
7:00 to 12:00 on two typical days, one is a normal Monday, and the other one is President’s Day. We found that for the holiday time
period, the plan from PI upper bounds of the improved PSO-ELM reduced the hourly average waiting times the most, to be around
ﬁve minutes, which also made the total system cost much lower. The plans from the lower bounds or the point predictions resulted in
huge border waiting time costs because of the underestimation of the traﬃc demand for the President’s Day holiday. On the normal
Monday, the staﬃng plans from point predictions performed well with reasonable average waiting times (around ﬁve minutes) for
the travelers and low total system costs. In this case the plans from upper bounds produced no waiting times but caused a higher total
system cost due to the extra operation cost with more booths. In both the holiday and normal Monday scenarios, for the lower bound
plans, the ones from the improved PSO-ELMs performed the best, with their average waiting times being much less than the PI lower
bound plans from the models by Zhang et al. (2014) and Guo et al. (2014), and even turning out to be less than or close to the point
prediction plans. The average waiting times and costs with diﬀerent staﬃng plans for the whole testing dataset are also calculated
and compared. Similar ﬁndings are observed. In general, for the case when the border crossing authority lacks the resources to hire
enough staﬀ to implement the plans from PI upper bounds or point predictions, the plans based on the PI lower bounds from the
improved PSO-ELMs appear to be still capable of maintaining a reasonable level of service with only $1000 more in total system cost
compared with the point prediction plans.
One of the main contributions of this study therefore is that it represents, to the best of our knowledge, the ﬁrst application and
improvement of a hybrid machine learning model for uncertainty quantiﬁcation with interval predictions of short-term traﬃc volume. Unlike previous statistical models, the PSO-ELM models require no statistical inference or distribution assumption. The proposed approach treated the PI bounds as two points to be estimated, while attempting to minimize the value of a multi-objective
function evaluating both the reliability and sharpness of PIs. The success of the proposed approach is conﬁrmed through the comparison of its performance with four diﬀerent probabilistic-based models. The second major contribution involved the formulation of
an optimal staﬃng plan development framework for border crossing, based on predicted border crossing traﬃc volumes. Through
extensive experimentation, the study veriﬁed that border staﬃng plans based on PI bounds are more helpful in some cases compared
to plans developed based on point predictions. For example, for the peak hour on a holiday, the delay can be largely reduced when
using upper bounds of PIs with accompanying beneﬁts to the economy and the environment. In the transportation domain, the
interval prediction of short-term traﬃc and staﬃng plan development framework could be applicable to other similar scenarios in
transportation systems such as tolling stations, and subway or airport security checking points.
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For future research, the researchers plan to investigate the following aspects:
First, we plan to enhance the accuracy of the interval prediction models by including additional variables to capture the eﬀect of
inclement weather and special events (those could be discovered from mining social media data) to improve the prediction models
accuracy (Lin et al., 2015a; Zhang et al., 2017; Zhang et al., 2016). As a further reﬁnement, the on-line PSO-ELM can be updated
more frequently, e.g. once per hour instead of every 15 h in this study. We are also interested in exploring how to adjust the
weights of reliability and sharpness in the multi-objective function dynamically. For example, if the next hour is the peak-hour on
a holiday, the reliability may be more important because we may want to use the upper bound of the PI to make staﬃng plans. On
the other hand, if it is a non-peak hour, one may want to focus more on sharpness. We would also like to improve the PI
assessment criteria or introduce new standard in the multi-objective function to capture the PI bias problem.
Second, the researchers plan to work on enhancing the staﬃng plan development framework. In this study, we make optimal
plans purely based on either upper bounds or lower bounds of PIs. It may be of interest to interchangeably use upper and lower
bounds. The simplest approach would be to use upper bounds for peak-hours, and lower bounds for non-peak hours. More
sensitivity analysis need to be done in the future on parameters such as the waiting time cost per hour, the operation cost per hour,
the waiting time threshold and the number of available staﬀs/open booths. The environmental pollution cost can also be considered in the future.
Third, the whole methodology can be tested on additional application scenarios such as tolling stations, subway and/or airport
security checking points. It would also be interesting to test the methodology on additional datasets with ﬁner granularity.
Finally, although this paper only focused on the traﬃc volume interval prediction at a single point, the PSO-ELM models described
herein can easily be extended to the traﬃc state estimation problem for a whole road network with the adjustment of the number
of neurons in the output layer.
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Appendix A
The interval prediction code and data in this study can be retrieved from the following link: https://github.com/transpaper/
traﬃc_uncertainty.
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