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Abstract: Reliable forecasting of short-term traffic flow is an essential component of modern intelligent
transport systems. However, existing methods fail to deal with the non-linear nature of short-term
traffic flow, often making the forecasting unreliable. Herein, we propose a reliable short-term
traffic flow forecasting method, termed hybrid extreme learning, that effectively learns the non-linear
representation of traffic flow, boosting forecasting reliability. This new algorithm probes the non-linear
nature of short-term traffic data by exploiting the artificial bee colony that selects the best-implied layer
deviation and input weight matrix to enhance the multi-structural information perception capability.
It speeds up the forecasting time by calculating the output weight matrix, which guarantees the real
usage of the forecasting method, boosting the time reliability. We extensively evaluate the proposed
hybrid extreme learning method on well-known short-term traffic flow forecasting datasets. The
experimental results show that our method outperforms existing methods by a large margin in both
forecasting accuracy and time, effectively demonstrating the reliability improvement of the proposed
method. This reliable method may open the avenue of deep learning techniques in short-term traffic
flow forecasting in real scenarios.

Keywords: hybrid extreme learning; non-linear representation; artificial bee colony; short-term traffic
flow forecasting

MSC: 68Q07; 68Q32; 68W50

1. Introduction

With the continuous improvement of traffic transportation systems and people’s living
standards, the population and vehicles in cities are increasing, which leads to traffic congestion
and parking difficulties [1]. One of the promising solutions to urban traffic congestion is to
develop intelligent transportation systems. Traffic flow forecasting plays an important role
in intelligent transportation systems to solve traffic congestion problems [2,3], as reliable
forecasting provides a solid foundation for managers to make traffic decisions. However,
due to the strong nonlinearity of short-term traffic flow, it is difficult to achieve reliable
forecasting [4].

Existing models for short-term traffic flow forecasting can be roughly classified into
statistical analysis model, non-linear model, and artificial intelligence model [5]. Statistical
analysis models include the historical average model, time series model, and Kalman filter
model [6-11]. Non-linear models include mainly wavelet analysis model [12] and chaos
theory model [13], whereas artificial intelligence models are developed mainly based on
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neural network and deep learning [14-16]. For example, Huang et al. [17] propose a deep
belief network for enhancing the ability of future representation ability.

Lv et al. [18] develop a stacked autoencoder to enhance the reliability of the forecasting
model. Jia et al. [19] combined deep belief network and long short-term memory network
to predict urban traffic flow under rainfall conditions.

Recently, advanced deep learning models have also been exploited to enhance forecast-
ing reliability [20-22], but they still fail to handle the non-linear nature of short-term traffic
flow [22,23]. For example, Redhu et al. [24] developed a Bi-LSTM neural network with
a modified PSO technique, Chen et al. [25] designed a graph convolution network with
attention mechanisms to capture the spatial-temporal features and dynamic characteristics
of nodes, and Xia et al. [26] exploited a hybrid deep learning method based on residual
self-attention and bidirectional gated recurrent unit combined with a convolution-gated
recurrent unit network to improve the accuracy of traffic flow prediction. Although these
methods are able to capture the non-linear property of short-term traffic flow, they are
slow to train and computationally complex [27,28]. To improve learning efficiency, Huang
et al. [29,30] leverage the random initialization technique for the input weights, hidden
layer biases, and the output weight matrix with a Moore-Penrose generalized inverse
algorithm, thereby easing the training difficulty. However, the extreme learning machines
may face overfitting issues, leading to unreliable forecasting [31,32].

In this paper, we propose a reliable short-term traffic flow forecasting method, termed
hybrid extreme learning, to effectively learn the non-linear representation of traffic flow by
exploiting an artificial bee colony. Our method not only maintains competitive prediction
accuracy but also reduces network complexity and avoids overfitting, yet speeds up the
forecasting time, boosting the reliability. The contribution of this work is summarized
as follows:

¢ The traffic flow forecasting model is rethought from the perspective of an artificial bee
colony algorithm optimization;

*  Thehybrid extreme learning based on the artificial bee colony improves the forecasting
reliability;

¢ The proposed hybrid extreme learning outperforms the state of the art, yet boosts the
forecasting reliability;

*  Our method shows better feasibility and superiority on the data at morning peak and
afternoon low peak.

2. Methodology

In this section, we first elaborate on how to establish an extreme learning model for
traffic flow forecasting. Then, we develop an artificial swarm algorithm to optimize the
learning procedure.

2.1. Extreme Learning for Traffic Flow Forecasting

Given a training set {x;,t; | x; € RP,t; € R™,i =1,2,...,N}, where x; represents the
ith data sample, t; represents the corresponding marker of the ith data sample, and the set
represents all training data, with the assumption that the number of hidden nodes of an
extreme learning machine is L, which has only one hidden layer, and whose parameters
include input weight iw, output weight §, and hidden layer deviation b, we first randomly
generate the input weight iw and the hidden layer deviation b. Then, we calculate H(x) as
the hidden layer output according to the randomly generated iw and b. In detail, H(x) is
calculated as follows:

H(x) = [hi(x),..., hp(x)]. (1)

The output of the hidden layer is multiplied by the input and the corresponding weight,
then added with the corresponding deviation, and summed by the non-linear function to
get all the node results. Note that H(x) = [h;(x),...,h1(x)] is the non-linear mapping of
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the hidden layer output matrix of ELM as the output of the ith hidden layer node, and the
output function of the hidden layer is not unique; different output functions can be used
for different hidden layer neurons. In practice, h;(x) can be described as follows:

h(x) = g(wir bi/ X), (2)

where iw; € RP and b; € R; g(w;, by, x) is essential to the extreme learning activation func-
tion [33]. The general activation function is a continuous, non-linear function commonly
used in regression prediction sigmoid functions, Gaussian functions, etc. In this work, we
use the sigmoid function as the activation function, i.e.,

1
g(X) = m/ 3)
where x = iw;x + b;. The output layer then is calculated as
L
fu =) Bihi(x) = h(x)p, (4)
i=1

where B = [B1,...,BL]" is the collection of the hidden layer nodes (L nodes) and the output
layer (m nodes, m > 1) between the output of the weight. The operation of the neural
network from the input to output is calculated by Equation (4). It should be noted, that
at present, the unknowns in the above equation are iw, b, 8, which are, respectively, the
weights, deviations of hidden layer nodes, and output weights of hidden layer nodes [29].
Neural network learning is to adjust the weights and biases of the network in the training
process, and the actual training results are contained in the connection weights and biases.
In the training process, extreme learning only needs to solve the output weight 8 of the
network, so it is a linear parameter model that can easily converge to the global optimal
solution value in the training process. Assuming that the model has N input samples, the
number of hidden layer nodes is L, and the number of output samples is M, the training
process is as follows [29]:

(1) Initialize the node parameters: at the beginning of training, the node parameters are
determined randomly through an arbitrary continuous probability distribution, and
the random generation can meet any continuous probability distribution;

(2) Calculate the output matrix of the hidden layer: after iw and b are determined, the output
H of the hidden layer can be calculated according to Equations (1) and (2). To effectively
train the weights of the output B, the goal is to ensure that the training error (such as
RMSE) is minimal. We here use the network output Hp and sample tag T by the least
square calculation. Note that the error calculation is as min||HB — T||?, 8 € RF*M,
where H is the output of the hidden layer and T is the target matrix of the training
data, namely the sample label, respectively; H can be written as follows:

hy(x1) -+ hp(x) T
H:[h(xl),h(xz),,h(xN)]T: T=1---1; (5)

hi(xn) -+ he(xw) iy

(3) Solve the output weight: by deducing Equation (5), the optimal solution can be
obtained by computing the following equation:

B=H'T, (6)

where H is the Moore-Penrose generalized inverse of matrix H. The key to extreme
learning is to find the output weight that minimizes the error to obtain the optimal solution.
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2.2. Artificial Bee Colony Algorithm

It is a global optimization algorithm based on the swarm intelligence proposed by
Karaboga [34,35] in 2005, inspired by the swarm foraging model proposed in Tereshko and
Loengarov’s article [36], which mainly simulates the collection process of bees. Recently,
swarm intelligence has been widely used in complex problems. It also has developed many
advanced versions, for example, the ant colony algorithm [37], which is inspired by ant
foraging behavior, the particle swarm optimization algorithm inspired by the foraging
behavior of birds [38], and the wolf pack algorithm inspired by the living behavior of
bionic wolves [39], which was optimized into gray wolf algorithm [40,41]. In summary, the
principle of the artificial bee colony algorithm is as follows (Algorithm 1):

Algorithm 1: Artificial bee colony (ABC) algorithm.
Data: Set ABC parameters
Data: Initialize food source location
Data: Construct the current global optimal solution BestSol
1 while it < MaxIt do
2 Leading bees procedure Following bees procedure Compare and update the
global optimal solution BestSol Detecting bees procedure it =it + 1

end
Procedure Employ bees:
for all Employed Bees do do
Search for a new food source near the corresponding food source pop(i)
Calculate fitness values for new food sources newbee.Cost if the fitness
value of the original food source pop(i).Cost > newbee.Cost then
7 ‘ pop(i) = newbee
8 end
9 end
10 return
11 Procedure Follow bees:
12 for all Following Bees do
13 Select food sources according to the roulette wheel selection algorithm
Search for a new food source near the corresponding food source pop(i)
Calculate fitness values of new food sources for the cost of new bee

N w1 R W

14 if the fitness value of the original food source pop(i).Cost > newbee.Cost then
15 | pop(i) = newbee

16 end

17 end

18 return

19 Procedure Detect bees:
20 for all Employed Bees do

21 if neighborhood search times C(i) > L then
22 ‘ reinitialize food source pop(i) C(i)=0
23 end

24 end

25 return

(1) Initialize the nectar source: first, we define nPop as the number of nectar sources, and
the quality of the nectar source (Whether it attracts bees) is equivalent to the solution
of the function, which is often referred to as the fitness value pop.cost in heuristic
algorithms. For this nPop nectar source, we can determine its location by ourselves
according to Equation (8):

Xid = Ld =+ Tﬂ]’ld(o, 1)(ud - Ld)l (7)
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(2) Update the nectar source: the leader bee searches for a new nectar source around the
nectar source i according to Equation (9):

Xig© = Xig +ax@x* (xig — xja)(j # 1), (8)
where ¢ is a random number in the range [—1,1] that determines the degree of
interference; a is the acceleration coefficient (usually taken as 1). If the fitness of the
new nectar source is higher than that of the original nectar source, the greedy selection
strategy is adopted to determine the better nectar source and replace the original
nectar source with the new better nectar source;

(38) The follower bee chooses the leader bee: according to roulette rules [42], the probability
of following bees choosing leading bees is calculated, and the probability is calculated
by Equation (10):
fiti

nPop (., '
Yy fit;
(4) Produce scout bees: in the process of neighborhood search [43], if the nectar source
is not updated to a better nectar source after C; reaches the threshold L, the nectar
source will be abandoned. The scout bee will randomly find a new nectar source

according to Equation (11). The location of the nectar source found by the scout bee
can be determined by

pi = )

(10)

o [Latrand@ 1)U~ L) C>L
' Xi C; < L.

2.3. Hybrid Extreme Learning

After the ABC optimization algorithm is introduced, we use the iw and b of the extreme
learning model and take the RMSE of the training set as the goal to be optimized so that
the optimal parameter selection of the extreme learning becomes an optimization problem.
The ABC optimization algorithm is used to obtain the optimal solution of this optimiza-
tion problem, which is the best parameter combination of extreme learning model [44].
The general process of the hybrid extreme learning is as follows:

(1) Normalize traffic flow, and construct the training and testing samples;

(2) Construct the ABC-ELM traffic flow prediction model;

(3) Initialize ABC parameters (population size nPop, maximum number of iterations
MaxIt, and neighborhood search threshold L);

(4) Initialize the nectar source location, and set up the nectar source location optimization
range (iw € [—1,1] and b € [0,1]);

(5) Determine the fitness function of ABC optimization RMSE and calculate Equation (12)
and its values, looking for honey’s optimal location and the corresponding optimal
adaptive value;

(6) Continuously iterate and greedily select, and update the best location of nectar source;

(7) Determine whether the RMSE reaches the minimum value or MaxIt. If the conditions
are met, then the artificial bee colony stops iteration and outputs the best iw and
b; if not, the optimal nectar source location and its adaptive value are continued
iteratively. Note that Figure 1 shows the flow chart of the proposed hybrid extreme
learning method.
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Figure 1. Flow chart of ABC-ELM model.

3. Experiments

To evaluate the performance of the proposed hybrid extreme learning for short-term
traffic flow forecasting, we use the datasets collected by Wang et al. [45] from four mon-
itoring points at the endpoints of four expressways (A1, A2, A4, A8) in Amsterdam for
experiments. As shown in Figure 2, the A1, A2, A4, and A8 motorways are all connected to
the A10 motorway, and all end at the A10 motorway:.
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Figure 2. Amsterdam’s A1, A2, A4, and A8 motorways connected to the A10 ring road.



Mathematics 2024, 12, 3303

7 of 15

3.1. Description of Data

The data were collected using the MONICA sensor between 5 p.m. on 20 May 2010
and 5 p.m. on 24 June 2010. The data were collected over a 10-min interval, which estimates
hourly traffic flow based on the number of vehicles that passed during the 10 min. In this
paper, the original data are divided into two parts. The first part is the data from the first
four weeks of training the model, and the second part is the data from the fifth week of
testing the model. Note that the generalization error (RMSE and MAPE) after ABC-ELM
model training is calculated for the assessment.

3.2. Evaluation Criteria

To evaluate the advantages and disadvantages of the short-term traffic flow predic-
tion model, the prediction results of the model are generally compared with the actual
results, and the appropriate prediction and evaluation standards are used to test. We use
two criteria to evaluate the performance of the traffic flow prediction methods, e.g., root
mean square error (RMSE) and mean absolute percent error (MAPE). They are defined as
the following:

N
RSME = |+ Y (90n) — y(n)2, an
n=1
1 X g(n) — y(n)
MAPE = — O 100%, 12
NE T | 12)

where N represents the number of samples, y(n) represents the actual traffic flow, and
7(n) represents the prediction result obtained using the prediction model; RMSE is an
evaluation criterion that can reflect not only the deviation between predictions and ground
truth, but also the degree of deviation between predictions and ground truth. MAPE is the
relative deviation between predictions and ground truth. The lower the value of MAPE
and RMSE, the better the prediction.

3.3. Analysis and Discussions
3.3.1. Experimental Results

Figure 3 shows the comparison between the prediction and the ground truth of the
proposed method and the corresponding prediction error. In each figure, red represents the
real ground truth, blue represents the prediction of our model, and green represents the
correlation error, that is, the correlation error obtained by dividing the absolute value of the
difference between the prediction and the real value by the actual ground truth. It can be
seen from this figure that the prediction error of the proposed model is relatively ideal in
most cases. The longitudinal analysis in Figure 4 shows that the times with high correlation
errors are concentrated in traffic flows with low traffic volumes but with some volatility,
usually just a value jump in the forecast series (for example, Friday morning of week 5 in
the figure).

During these hours, traffic flow is low, only about 1/10 of the peak hours. Thus,
although the prediction residual is small, it is clearly reflected in the correlation error. Based
on actual measurements, this situation also exists in other traffic flow prediction models.
However, in real life, the traffic pressure of different traffic segments is lower, and the actual
resources are richer, so the prediction bias will be less sensitive. In the peak period, when
the prediction accuracy is high, the model has a certain superiority.
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Figure 4. Ground truth and relative errors on test set A8.

In this subsection, we use RMSE and M APE as the measurement criteria to compare

the prediction accuracy of the proposed method and commonly used short-term traffic
flow prediction models in ITS on the four datasets A1, A2, A4, and A8. Smaller values of
RMSE and MAPE indicate better accuracy of the prediction model. The prediction results

of our model are given in Section 3.3.1. Other prediction models and relevant reference
settings are as follows:

*  Autoregressive model (AR) [8]: a linear regression model that describes random
variables at a certain time through linear combinations of random variables within a
certain time, that is, a time series analysis and prediction method. Order p set to 8.

Seasonal autoregressive integrated moving averaging (SARIMA) [11]: a time series

analysis and prediction method. The parameter is set to SARIMA (1, 0, 1)x (0, 1, 1), 1008.
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e  Exponential smoothing algorithm (ES) [46]: a time series analysis and prediction
method. Experiments using quadratic exponential smoothing algorithm a = 0.4.

*  Radial basis function neural network (RBFNN) [47]: a non-parametric learning model,
which is composed of connected neurons.

e  Kalman filter (KF) [6]: a short-term traffic flow prediction method based on Kalman
filter combined with discrete wavelet analysis proposed by Xie Yuanchang [48].

e  Stack autoencoder (SAE) [49]: a deep learning neural network, which was imple-
mented with Keras module referring to Lv Yisheng’s article [18] in the experiment.

*  Extreme learning machine (ELM) [29]: a learning scheme of feed forward neural
network was implemented with the suggestion in the original article.

e  Bidirectional long short-term network (Bi-LSTM) [24]: a deep learning neural net-
work based on optimized bidirectional long short-term network was implemented on
PyTorch platform with the suggested configuration.

*  Matrix-based graph neural network (MGNN) [25]: a graph neural network with
matrix-based attention mechanism was implemented by the source codes provide by
the authors.

e SAB-ConvGRU (RSAB) [26]: a hybrid deep learning method whose results are re-
produced by implementing the codes provided by the authors with the suggested
parameters.

Table 1 shows the prediction effects of different prediction models on datasets A1, A2,
A4, and A8. It can be seen that for the four datasets A1, A2, A4, and A8, the prediction
effect of our model is better than other prediction models. For example, compared with the
relatively good performance of ES among several other models, the MAPE of our proposed
model on Al, A2, A4, and A8 datasets is reduced by 1.54%, 0.18%, 1.31%, and 1.89%,
respectively. Compared with RBENN, the MAPE of our model on the A1, A2, A4 and A8
datasets is reduced by 2.21%, 0.32%, 2.13%, and 2.42%, respectively. ELM and RBFNN have
similar performances due to their similar single-hidden layer network structure. Compared
with RBENN, ELM has higher learning speed, better generalization ability, and simpler
structure and can be used in feedforward neural networks with more activation functions.

Table 1. Comparison of MAPE and RMSE between different prediction models.

Model Criterion Al A2 A4 A8
AR (8] RMSE (vehs,/h) 301.44 21422 2612 166.71
MAPE (%) 13.57 11.59 12.70 12.71
RMSE (vehs,/h) 308.44 221.08 228.36 169.36
SARIMA [11] \rAPE (%) 12.81 11.25 12.05 12.44
ES [46] RMSE (vehs,/h) 315.82 226.40 237.76 174.67
MAPE (%) 11.94 10.75 11.97 12.00
RMSE (vehs/h) 299,64 212.95 22586 166.50
RBENN [47]  \IAPE (%) 12.61 10.89 12.49 12.53
KF [6] RMSE (vehs,/h) 332.03 239.87 250,51 187.48
MAPE (%) 12.46 10.72 12.62 12.63
SAT [49] RMSE (vehs,/h) 324,52 243.99 28,47 159.65
MAPE (%) 19.12 14.04 12.91 1136
ELM [29] RMSE (vehs,/h) 260.16 216.34 216.18 119.40
MAPE (%) 14.72 11.46 11.65 1142
. RMSE (vehs/h)  253.84 212.45 207.26 115.39
Bi-LSTM [24]  \1APE (%) 12.83 10.97 11.13 10.69
RMSE (vehs,/h) 247.82 213.11 205.68 113.81
MGNN [25]  \1APE (%) 12.48 10.86 11.26 10.97
RsAB[6  RMSE(vehs/h) 23527 209.84 212.04 115.33
MAPE (%) 13.65 1121 11.47 1137
] RMSE (vehs,/h) 194.19 166.78 154.23 9931
ABC-ELM  \1APE (%) 10.40 10.57 10.36 1011

3.3.3. Case Study

To further make a more convincing comparison, we compared the prediction results
of ABC-ELM and PSO-ELM [50], which is a hybrid prediction model of ELM optimized
by particle swarm optimization (PSO), and the parameters such as population size, search
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range, and the number of iterations are consistent with those of ABC-ELM. Comparison
results of prediction criteria RMSE and MAPE are shown in Figures 5 and 6. We can see
that, under the same number of iterations and other parameters, the ABC-ELM model
achieves better RMSE and M APE performances than the PSO-ELM model.

300 : ; . .
e
I PSO-ELM
250 [ JABCELM|
200 .
w _
2 150 T :
r
100 -
50
0
A1 A2 Ad A8

Figure 5. Comparison of RMSE prediction between ABC-ELM and PSO-ELM traffic flow prediction
models on datasets A1, A2, A4, and AS.

15 T T T T
I L
I PSO-ELM
[ ABC-ELM
10 ] 1
9
w
o
<
=
5F J
0

Al A2 Ad A8

Figure 6. Comparison of MAPE prediction between ABC-ELM and PSO-ELM traffic flow prediction
models on datasets Al, A2, A4, and AS8.
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This paper proves not only that the overall optimization effect of the ABC-ELM model
is better than that of other algorithmic optimization prediction models, but also that the
ABC-ELM model is better than other algorithmic optimization models in different special
cases. In the following, we compare the prediction results of the ABC-ELM model and
PSO-ELM model in the afternoon peak period and the evening low peak period. The
comparison results of the afternoon peak period are shown in Table 2 and Figure 7, and the
comparison results of the evening low peak period are shown in Table 3 and Figure 8.

Table 2. Prediction performance of different optimized ELM models in the afternoon peak.

. Prediction
Time Ground Truth ELM PSO-ELM ABC-ELM
6/17/17:00 3561 3410 3618 3458
6/17/17:30 3546 3458 3568 3467
6/17/18:00 4014 3589 3856 3682
6/18/17:00 4027 3714 3787 3933
6/18/17:30 3948 3490 3985 3825
6/18/18:00 3370 3180 3446 3320
6/23/17:00 4337 3886 4254 4166
6/23/17:30 4884 4129 3684 4451
6/23/18:00 4182 3758 4062 4001
RMSE (vehs/h) 409.36 419.62 211.61

MAPE (%) 8.70 4.96 4.16

5000 T T T T T

| I Measurement I ELM [ 1PSO-ELM I ABC-ELM

4000 |- - B -

3000 —

2000

1000 —

6/17/17:00 6/17/17:30  6/17/18:00  6/18/17:00  6/18/17:30  6/18/18:00  6/23/17:00  6/23/17:30  6/23/18:00

Figure 7. Prediction results of ELM optimized by different algorithms in the afternoon peak.

Table 3. Prediction performance of different optimized ELM models in low peak period at night.

. Prediction
Time Ground Truth ELM PSO-ELM ABC-ELM
6/20/23:00 241 287 353 286
6/20/23:30 218 342 221 252
6/21/00:00 250 301 248 277
6/21/23:00 443 403 406 449
6/21/23:30 283 519 370 304
6/22/00:00 293 520 379 311
6/22/23:00 189 212 134 203
6/22/23:00 207 227 44 221
6/23/00:00 224 289 217 255
RMSE (vehs/h) 122.05 73.04 42.92

MAPE (%) 35.23 22.25 12.86
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Tables 2 and 3 list the prediction results of the ELM model optimized by different
algorithms in the afternoon peak and night low peak periods. Figures 7 and 8 show the
difference in the prediction results, from which we can see that ABC has better optimization
ability than PSO for the ELM traffic flow prediction model. Therefore, ABC is better than
PSO in optimizing ELM model parameters for traffic flow prediction under different traffic
flow conditions. We further compare different algorithms that optimize ELM over more
time periods to reduce the randomness of the prediction performance, as shown in Figure 9.
What is clear is that the ABC-ELM studied in this paper still makes very accurate predictions
when traffic flow is volatile.
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Figure 8. Prediction results of different algorithms for optimizing ELM at low peak at night.
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Figure 9. Figure (a—f) show the prediction results of ELM optimization by different algorithms in the

case of large fluctuation of traffic flow.
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4. Conclusions

In this paper, we propose an effective hybrid extreme learning method based on
an artificial bee colony to select optimal input weights and hidden layer thresholds for
reliable short-term traffic flow forecasting. Because of growing car ownership and urban
traffic jams, the proposed method mixes traffic flow forecasting algorithms and performs a
more reliable forecasting of traffic flow. Reliable traffic prediction information provides
transportation for traffic management decision making with a solid foundation and guides
the driver to choose a smoother line to avoid or alleviate congestion. Extensive experiments
with four benchmark real-world datasets are conducted to evaluate the feasibility and
superiority of the proposed forecasting model, with the positive results demonstrating its
outperformance.
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