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Short-time traffic flow prediction based on

improved LSSVM

Kazuki Natsuko Ueda, Soma Kouji Abe, and Zhou Shen∗

Abstract

In order to improve the accuracy of short-time traffic flow prediction,
an improved LSSVM-based short-time traffic flow prediction model is pro-
posed. To address the problem that the traditional hybrid frog-jumping
algorithm (SFLA) easily falls into local optimum, an improved hybrid
frog-jumping algorithm (ISFLA) based on a new local update strategy is
proposed, which is combined with the least squares support vector ma-
chine (LSSVM) to improve the prediction capability of LSSVM by using
this algorithm to optimize the key parameters of LSSVM. The model and
algorithm are simulated and analyzed with examples to prove the feasi-
bility of the model and the effectiveness of the algorithm.

1 Introduction

Accurate prediction of traffic flow is an important basis for alleviating traffic
congestion and is a core part of realizing intelligent transportation systems [1–4].
Traffic flow prediction refers to the prediction of future traffic flow based on
current and past traffic flow information using a suitable prediction model [5–8].
Among them, short-time traffic flow forecasting refers to the prediction of time
range within 30 minutes [2, 9–11]. Due to the randomness, uncertainty and
suddenness of short-time traffic flow, it is a difficult problem in the field of
intelligent traffic management to forecast short-time traffic flow effectively and
accurately.

Many prediction methods have been proposed by domestic and foreign schol-
ars for short-term traffic flow prediction. One type is the traditional mathemat-
ical methods, such as Kalman filter and autoregressive sliding average. These
methods are simple to implement and have good results for predicting slowly
changing traffic flow; the disadvantage is that they cannot reflect the uncertainty
and nonlinearity in the traffic flow, and it is difficult to predict the short-time
traffic flow accurately. To address this problem, scholars have proposed another
class of artificial intelligence-based methods, such as neural network methods
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and support vector machine method [2,6,11–17]. Although neural network mod-
els have outstanding performance in describing nonlinear systems, they empha-
size too much on learning error, which can lead to overfitting, and, since neural
network methods are based on the principle of empirical risk minimization, they
are ineffective in dealing with small sample data [18–22]. Support vector ma-
chines overcome these inherent drawbacks of neural network models, where the
least squares support vector machine (LSSVM), which is an improvement of
the standard support vector machine, is widely used in short-time traffic flow
prediction [23]. The prediction results of this algorithm are closely related to
the selection of its relevant parameters. Unsuitable parameter selection can
lead to the degradation of LSSVM prediction ability. Genetic algorithms, par-
ticle swarm algorithms, and grid search algorithms have been used to optimize
the relevant parameters of LSSVM. However, these algorithms have disadvan-
tages such as easily falling into local optima with too many initial parameter
settings [24,25].

The Shuffled Frog Leaping Algorithm (SFLA) is a new population intelli-
gence optimization algorithm proposed by Muzaffar Eusuff and Kevin Lansey
in 2003, which can be used to solve many complex, such as nonlinear, multi-
dimensional optimization problems. This algorithm combines the advantages
of particle swarm algorithm (PSO) and modulo algorithm (MA), and has the
features of easy to understand, less setup parameters, fast computation, and
better global search and optimization capability.

Like most intelligent optimization algorithms, the SFLA algorithm is also
prone to fall into local optima. To address this problem, this paper firstly
improves the SFLA algorithm by proposing a new local individual update strat-
egy to make the algorithm jump out of the local optimum and obtain better
optimization results to some extent. Based on this, we propose an improved
hybrid frog-jumping algorithm to optimize the short-time traffic flow prediction
model (ISFLA-LSSVM) by least-squares support vector machine, and improve
the prediction accuracy of short-time traffic flow by optimizing the regulariza-
tion parameter γ and kernel parameter σ in LSSVM. And the effectiveness of
ISFLA-LSSVM is verified by simulation experiments.

2 Methodology

For a given training data sample set, D = {(x1, y1), ..., (xk, yk), ..., (xn, yn)}, xk ∈
R, yk ∈ R, where xi is the input of time series samples, yi is the corresponding
output,and n is the number of training samples. Through the nonlinear func-
tion Φ(x), the LSSVM method maps the sample space into the high-dimensional
feature space for regression, and the regression function is shown below:

f(x) = wTϕ(x) + b (1)

where w is the weight, b is the deviation value, and f(x) denotes the predicted
value. According to the principle of structural risk minimization, the regression
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problem of LSSVM can be expressed as an optimization problem as follows:

min ∅(w, e) =
1

2
wTw +

1

2
γ

n
∑

i=1

e2i , γ > 0

s.t. yi = wT ∅ (xi) + b+ ei, i = 1, 2, · · · , n

(2)

where ei is the error variable, which represents the error between the actual
and predicted values, and γ is the regularization parameter, which is used to
balance the training error and complexity of the model. In order to solve the
above optimization problem, a Lagrangian function is established:

L(w, b, e, α) =

1

2
wTw +

1

2
γ

n
∑

i=1

ei
2 −

n
∑

i=1

αi

(

wT ∅(x) + b+ ei − yi

) (3)

Where αi denotes the Lagrangian operator. The partial differentiation of w, b,
e, and α are set to zero, resp

∂L

∂w
= w −

n
∑

i=1

αi∅ (xi) = 0

∂L

∂b
= −

n
∑

i=1

αi = 0

∂L

∂ei
= γei − αi − 0, i = 1, · · · , n

∂L

∂αi

= wT∅ (xi) + b+ ei − yi = 0, i = 1, 2, · · · , n

(4)

After eliminating w and e from the above set of equations, we can obtain:

f(x) =

n
∑

i=1

αk (x, xi) + b (5)

where y = [y1; ...yi; ...yn], Ii = [1; ...1], α = [α1; ...;αn]k(xi, xj) = Φ(xi)Φ(xj)
T ,

and the fitted function is:

f(x) =

n
∑

i=1

αk (x, xi) + b (6)

The kernel function used in this paper is the radial basis function, k(xi, xj) =
ex(−||xi − xj ||

2/δ2), where sigma denotes the width of the kernel function.
After the kernel function is selected, the appropriate regularization parameter
γ and kernel parameter σ need to be chosen. These two parameters affect the
learning ability and generalization performance of LSSVM. In this study, the
improved frog-jumping algorithm is used to optimize the above two parameters
to improve the prediction accuracy of short-time traffic flow.
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3 ISFLA-LSSVM-based traffic flow prediction

3.1 Traditional SFLA algorithm

The SFLA algorithm is a new intelligent optimization algorithm that mimics
the process of searching for food in a frog population. The algorithm consists
of two core processes: the global information exchange process among frog sub-
populations and the local update process within subpopulations.

3.1.1 Global information exchange between subpopulations

1. Parameter initialization: L frogs are randomly generated to form the ini-
tial frog population G = X1, X2, ..., XL, and each frog individual X repre-
sents a feasible solution to the problem, i.e., as follows: X = (x1, x2, ..., xd),
where represents the dimension of the frog individual.

2. Calculate the fitness value f(X) of all frogs in the population and sort
them in descending order according to the fitness value. The sorted pop-
ulation is divided into m subpopulations, each with n frogs, where m and
n satisfy L = m × n. The partitioning rule is as follows: the first frog
belongs to the first subpopulation, the second frog belongs to the second
subpopulation, and so on until the nth frog belongs to the nth subpopula-
tion, and then the n+1th frog belongs to the first subpopulation until all
frogs are assigned. For the frog population, we denote by Gb the global
solution with the maximum fitness value. For each subpopulation, we
use Zb and Zw to denote the solutions with the maximum and minimum
fitness values, respectively.

3. Local iterative search within subgroups: The position of the frog individual
with the minimum fitness value in each subgroup is updated according to
the search procedure in 2.

4. All the frogs in each subpopulation are mixed into a new population and
reordered in descending order by fitness value.

5. The end condition of the algorithm: judge whether the number of itera-
tions t reaches the specified maximum, if not, return to step 2, otherwise
output the optimal solution.

3.1.2 Subgroup internal local update

Local update within a subgroup is to update the position of the frog individual
with the smallest fitness value in each subgroup.

1. k denotes the number of iterations within the subpopulation, and the
initial value is set to 0.

2. Add 1 to k, and then get the frog with the largest and smallest fitness
value in the subpopulation according to the fitness value.
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3. The frog with the smallest fitness value in the subpopulation is updated,
and the update strategy is shown below:

si = rand()× (zb − zw)

xneu = xαl + si (−Dmux 6 si 6 Dmax)
(7)

The rand() function generates a random number in the range of 0 to 1, S
denotes the movement step of the frog, and Dmax denotes the maximum
distance the frog is allowed to move.

4. Adjust the corresponding update method according to the update result.
If the above process can produce a better solution, i.e., an individual with
a larger fitness value, then the frog with the smallest fitness value in the
subpopulation is replaced by the frog in the new position, otherwise, Fb

is replaced by Gb, i.e., the step size formula becomes:

si = rand()× (Gb − zw) (8)

Repeat the above update process for the worst individual. If a better
solution still cannot be generated, then a frog is randomly generated to
replace the frog with the smallest fitness value in the subpopulation.

5. Judgment of the end condition of the subpopulation local update. If the
number of iterations k meets the maximum, return to step 3 in (1), oth-
erwise return to step 3 in (2).

3.2 Improved SFLA algorithm

The local update process of the basic frog hopping algorithm is based on the
way that the best frog individual influences the worst frog individual to update
the worst individual in the subpopulation. If the resulting new individual is
not a better solution, i.e., the fitness value is larger, then we update the frog
with the worst position based on the maximum population fitness. If the new
individual is still not the optimal solution, then we randomly generate a new
individual to replace the individual with the lowest fitness value within the
original subpopulation.

Based on this, we improve the traditional hybrid frog jumping algorithm in
two ways: Firstly, we consider updating the smallest individual in each sub-
population based on the largest individual in the subpopulation and the whole
population in the process of local updating, so as to avoid falling into local
optimum. In other words, a new formula for calculating the step size is used:

si =
1

2
× (Fb − Fw) +

1

2
× (Gb − Fw) (9)

Secondly, we propose a new frog individual update formula to update the po-
sition of the worst frog individual in each subpopulation. The new formula is
shown below:

xncw = xal + w(k)× si (−Dmax 6 si 6 Dmax) (10)
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Let w(k) be a function that decreases as the number of iterations k increases
within the subpopulation. w(k) = (kmax − k + rand()), from which it can be
seen that a large value of w(k) in the early iterations can expand the search
range of the solution space, i.e., increase the diversity of solutions, while a small
value of w(k) in the later iterations allows the algorithm to search for better
solutions in the local range, i.e., further improve the The smaller w(k) values
in the later iterations allow the algorithm to search for better solutions in the
local range, i.e., further improve the local search capability.

3.3 ISFLA Optimized LSSVM for Short-Term Traffic Fore-

casting Model

The steps to optimize the parameters in the LSSVM model with the improved
hybrid frog-jumping algorithm (ISFLA) in this paper are shown below:

1. Initialize the basic parameters, such as the number of frogs L, the number
of subpopulations m, the number of iterations k within the subpopulation,
the global iteration number t, the maximum iteration number kmax, the
global maximum iteration number tmax, and the maximum distance Dmax

that an individual frog is allowed to move.

2. The position of each individual frog corresponds to a set of regularization
parameters and kernel parameters (γ, σ) of LSSVM, and the fitness values
of all frogs are calculated and the global optimal solutions are recorded.
We set the precision PRE as the fitness function, and each individual frog
is ranked according to the value of the fitness function and divided into
subgroups.

3. For each subpopulation, the frog with the smallest fitness value is first
updated according to Eqs. (10) and (11). If the fitness value of the frog in
the new position is larger than the original fitness value, the updated frog
replaces the frog with the smallest fitness value, otherwise a new frog is
still randomly generated to replace the frog with the smallest fitness value
in the atomic group, and the above process is repeated until the maximum
number of iterations within the subpopulation is satisfied.

4. Mix all subpopulations and re-sort all frogs in descending order by fitness
value.

5. If the termination condition is not satisfied, return to step (2), otherwise
output the position of the frog with the largest fitness value, i.e., the
optimal LSSVM parameter pair (γ, σ).

4 Case studies

In this paper, the data were collected from a section of highway in Sichuan
province in 2012, and the traffic volume was collected every 15 minutes from
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9:00 am to 8:00 pm every day from July 15 to 22, and 48× 8 = 384 data were
obtained. The data of the first 7 days were used as the training set to train the
model, and the data of the last 1 day were used as the test set to verify the
prediction effect of the model.

Obviously, there is a clear connection between current traffic flow and histor-
ical traffic flow. v(t) denotes the traffic flow at time t, and v(t− 1) denotes the
traffic flow at time t− 1. We use the traffic flow at current time and historical
time to predict the traffic flow at the next time as follows:

Xi = {v(t− n), · · · , v(t− 1), v(t)}, Yi = v(t+ 1) (11)

Where Xi denotes the input of the system and Yi denotes the output of the
system. In this paper, we set n to be 6.

4.1 Parameter Setting

In order to verify the effectiveness of ISFLA-LSSVM model in short-time traffic
flow prediction, three experiments were conducted as follows: (1) LSSVM model
optimized by improved hybrid frog-hopping algorithm (ISFLA) for prediction;
(2) LSSVM model optimized by traditional SFLA algorithm for prediction; (3)
LSSVM model optimized by grid search algorithm (GS) for prediction. LSSVM
model for prediction. The parameters of the algorithm in experiment (1) are set
as follows: the range of γ is (0, 1000), the range of σ is (0, 100), the number of
frogs is set to 100, the number of subgroups is set to 5, the number of iterations
within the subgroups is set to 10, the total number of iterations is set to 20, and
the maximum move step is set to 50. The parameters of experiment (2) are set
as in experiment (1). The parameters of experiment (3) are set as follows: the
iteration cutoff error is 10−3, the search range of γ and σ is the same as above,
and the step size is set to 10.

4.2 Evaluation indexes

In order to verify the effectiveness and superiority of the proposed model, the
following metrics are used to evaluate the prediction performance of the model:
MRE, RMSE, and precision PRE:

RMSE =

√

∑n

k=1
(xk − xk)

2

n

MRE =
1

n

n
∑

k=1

| xk − xk |

xk

PRE = 1−
1

n

n
∑

k=1

|xk − xk|

xk

(12)

where xk is the predicted value is the actual value. The smaller the value
of RMSE and MRE, the larger the value of precision PRE, the stronger the
prediction performance of the model.
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4.3 Experimental results

By optimizing the LSSVM parameters with the ISFLA algorithm, we can con-
struct an ISFLA-LSSVM-based short-time traffic flow prediction model. From
Table 1, we can see that the MRE and RMSE of the ISFLA-LSSVM model are
the smallest, 0.058 and 39.60, respectively, which are significantly lower than
those of the SFLA-LSSVM model and GS-LSSVM model. Therefore, compared
with the other two models, the ISFLA-LSSVM model proposed in this paper is
the optimal one.

Model MRE RMSE PRE

ISFLA-LSSVM 0.0587 39.60 94.13
SFLA-LSSVM 0.0803 49.85 91.97
GS-LSSVM 0.1231 77.72 87.66

Table 1: Result Comparisons

5 Conclusions

The traditional hybrid frog-jumping algorithm is easy to fall into local optimum,
and this paper proposes an improved hybrid frog-jumping algorithm (ISFLA) by
modifying the local update strategy of this algorithm. The improved algorithm
has a better balance between global search ability and local update ability, and
is less likely to fall into local optimality. In addition, to address the problem
of difficult parameter selection when using the least squares support vector
machine model for short-time traffic forecasting, the ISFLA algorithm is used
to optimize the parameters in this paper, and the ISFLA-LSSVM short-time
traffic forecasting model is proposed. It is demonstrated that the improved
model has higher prediction accuracy compared with the reference model, and
is suitable for short-time traffic prediction.
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