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Abstract

In the field of intelligent transportation systems, accurate traffic flow prediction
plays a significant role. To improve the accuracy of traffic flow prediction models
based on least squares support vector machines, a novel improved gravitational
search algorithm (TCK-AGSA) is proposed for parameter optimization. First,
the Kbest function is improved based on Tent mapping, enabling the algorithm
to possess a mechanism for escaping local optima; then, a global optimal guid-
ance strategy is introduced to accelerate particles toward the optimal solution;
subsequently, evolutionary degree factor and aggregation degree factor are in-
troduced into the velocity update weight coefficient, endowing the algorithm
with strong adaptive capability. Simulation results on 12 benchmark functions
demonstrate that TCK-AGSA outperforms GSA and its improved variants. Fi-
nally, a least squares support vector machine model optimized by TCK-AGSA is
established, and real highway traffic flow data from Guizhou Province in 2016 is
selected for prediction experiments. The results show that the model possesses
better prediction accuracy, robustness, and generalization ability.
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Abstract

Accurate traffic flow forecasting plays a crucial role in the field of Intelligent
Transportation Systems. To improve the precision of traffic flow prediction
models based on Least Squares Support Vector Machine (LSSVM), this paper
proposes a novel modified gravitational search algorithm (TCK-AGSA) for pa-
rameter optimization. First, the Kbest function is improved based on Tent
mapping, enabling the algorithm to escape local optima. Second, a global op-
timal guidance strategy is introduced to accelerate particle movement toward
the optimal solution. Finally, evolutionary and convergence factors are incor-
porated into the velocity update weight coefficient to enhance the algorithm’ s
adaptive capability. Simulation results on twelve benchmark functions demon-
strate that TCK-AGSA outperforms GSA and its variants. Furthermore, an
LSSVM model optimized by TCK-AGSA is established and tested using real
highway traffic flow data from Guizhou Province in 2016. The results show
that the proposed model achieves better prediction accuracy, robustness, and
generalization capability.

Keywords: gravitational search algorithm; chaos optimization algorithm;
adaptive weighted coefficient; least squares support vector machine; traffic flow
forecasting

0 Introduction

With rapid economic development and increasing vehicle ownership, transporta-
tion networks face mounting pressure from traffic congestion, accidents, and
air pollution. Intelligent Transportation Systems (ITS) offer effective solutions
to these critical traffic problems through advanced traffic guidance control and
monitoring technologies. As an essential component of ITS, traffic flow predic-
tion has attracted widespread attention in recent decades.

Accurate traffic flow forecasting is vital for analyzing road conditions, improving
network planning, and optimizing traffic control strategies. To enhance predic-
tion accuracy, numerous scholars have developed various forecasting models that
generally fall into two categories:

a) Classical statistical models: These models fit and predict traffic flow
data through regression and parameter optimization. For instance, Kumar
et al. proposed a seasonal SARIMA model based on ARIMA to account
for seasonal traffic variations, addressing the applicability issues of basic
ARIMA models. Subsequently, Kumar introduced a Kalman filtering-
based prediction model in 2017, overcoming SARIMA’ s dependence on
large datasets.

b) Data-driven models: These models leverage intelligent computational
methods to mine evolutionary trends from historical data. In deep learn-
ing, Lv et al. proposed a stacked autoencoder hybrid model that signif-
icantly improved prediction accuracy. Polson et al. developed a linear
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deep learning model combining L1 regularization and tanh layers to han-
dle sharp nonlinear transitions in traffic states. In support vector machine
applications, Hu et al. introduced a PSO-SVR model optimized by par-
ticle swarm optimization, incorporating historical traffic low momentum
to reduce noise impact. Kang et al. developed an online LSSVM-based
method that shortened update times while maintaining accuracy. Shang
et al. proposed a phase-space reconstruction and combined kernel LSSVM
model optimized by PSO, demonstrating strong prediction capability and
robustness. Cong et al. introduced an FOA-LSSVM model using fruit fly
optimization, which outperformed PSO-LSSVM and RBFNN models.

Among data-driven approaches, LSSVM shows superior performance in traffic
flow prediction due to short training times and strong generalization. However,
the selection of regularization parameter C' and kernel width o critically af-
fects model complexity, accuracy, and generalization capability. While swarm
intelligence algorithms like PSO, cuckoo search, and ant colony optimization
have been applied to LSSVM parameter optimization, achieving ideal accuracy
remains challenging.

The Gravitational Search Algorithm (GSA), proposed by Rashedi et al. in 2009
based on Newton’ s law of universal gravitation, has demonstrated better con-
vergence than PSO and genetic algorithms. However, basic GSA suffers from
premature convergence, local optima entrapment, and lack of memory function-
ality. Consequently, researchers have proposed various improvements: Darzi
et al. introduced individual local best concepts from PSO to address memory
deficiency; Zhang et al. enhanced GSA with adaptive gravitational coefficient
decay, elite memory guidance, and mutation operations; Guo et al. developed
an information entropy-based approach with dynamic weight selection. Despite
these advances, balancing exploration and exploitation while improving escape
from local optima remains challenging.

Therefore, this paper proposes a Tent map-based chaotic Kbest adaptive GSA
(TCK-AGSA). The chaotic Kbest strategy enables escape from local optima,
while global optimal guidance accelerates convergence. Adaptive weight coef-
ficients based on evolutionary and convergence factors enhance adaptability.
Experimental validation on twelve benchmark functions and real traffic data
from Guizhou highways demonstrates the algorithm’ s superiority.

1 Related Work

1.1 Least Squares Support Vector Machine

LSSVM optimizes and extends the SVM mathematical model by replacing in-
equality constraints with equality constraints and using an L2-norm error func-
tion as the loss function, transforming the QP problem into a linear system
solution.

Given a training set with N samples {(z;,y;)} Y, where z; € R? is the input vec-
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tor and y,; € R is the output vector, LSSVM maps samples to a high-dimensional
space using nonlinear mapping function () to construct the linear regression
function:

y(z) = wlhp(z) +b

where w is the weight vector and b is the bias.

Based on structural risk minimization, the LSSVM regression optimization prob-
lem is:

w,b,¢

min J(w, &) = lew—l— ¢ EN £2
¢ 2 2= '
subject to:

where C' is the regularization parameter and &; are error variables.

The Lagrangian function is constructed as:

N
=1

where «a; are Lagrange multipliers.

From the KKT conditions, we obtain:

N
gTLu =0—>w=>3_, ap(x;)

N
GL=0-3 " a;=0
L =0~ wlp(a,) +b+&—y, =0

Eliminating w and £ yields:

b e o) -]

where y = [y;,...,yy]?, 1 is an all-ones vector, I is the identity matrix, and K

. . . . _ T _
is the kernel function matrix with K,; = ¢(z;)" o(z;) = k(z;, ;).

The final LSSVM regression function is:
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o k(z,x;) +b

K2

y(r) = ,

The Gaussian Radial Basis Function (RBF) kernel is adopted:

o — ;]
k(x;, x;) = exp (ZI‘QJ

where o is the kernel bandwidth.

The regularization parameter C' and kernel bandwidth o directly affect learn-
ing and generalization capabilities. C balances structural and empirical risk—
large values reduce empirical risk but may cause overfitting, while small val-
ues reduce complexity but may cause underfitting. Similarly, large ¢ values
produce smoother kernels (potential underfitting), while small values produce
steeper kernels (potential overfitting). Therefore, selecting appropriate parame-
ters is crucial, and this paper employs the improved GSA for LSSVM parameter
optimization.

1.2 Gravitational Search Algorithm

In GSA, each particle is treated as a mass object moving through the search
space according to Newton’ s second law, influenced by gravitational forces from
other particles.

A population of size N in a D-dimensional search space has particles with posi-
tions X, = (x},...,2¢,...,2P). At iteration ¢, particle i’ s inertial mass M;(t) is

calculated based on its fitness:

_ f;(t) — worst(t)
best(t) — worst(t)

M, (¢)

K2

where f;(t) is particle 7’ s fitness at iteration ¢, best(t) = min ey ny f;(t), and
worst(t) = max;c(y vy f;(t) for minimization problems (reversed for maximiza-
tion).

The gravitational force on particle ¢ from particle j in dimension d is:

M;(t) x Mj(t)

where G(t) is the gravitational coefficient, € is a small constant, and R,;(t) is
the Euclidean distance between particles.

The gravitational coefficient decays over time:
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G(t) = Gy x e t/T
where G|, is the initial constant, « is the decay coefficient, and 7" is the maximum
iteration number.

The total force on particle 7 in dimension d is:

Fa(t) = Z rand; X Fg(t)
jeKbest,j#i

where Kbest is the set of elite particles with best fitness and largest masses,
initially N and decreasing over time, and rand, is a random number in [0, 1].

Particle acceleration is:

Velocity and position are updated as:
vi(t+ 1) = rand; x v¢(t) + ad(t)
zd(t+1) =2d(t) +vi(t+1)
where rand; is a random number in [0, 1].

Basic GSA has three main limitations: (a) decreasing population diversity may
cause premature convergence by losing potentially good particles with small
masses; (b) the algorithm lacks memory and information sharing mechanisms,
potentially losing previous best results and accelerating movement toward infe-
rior positions; (c) there is no mechanism to escape local optima. These deficien-
cies motivate the proposed improvements.

2 Improved Gravitational Search Algorithm Design
2.1 Chaotic Kbest Based on Tent Mapping

In GSA, Kbest represents the percentage of elite particles exerting forces on
others. The linear Kbest function is:

t
Kbest(t) = final_per + (1 — T) x (1 — final__per)

where final per € [0.9, 1].

To address local optima entrapment, chaotic mapping’ s randomness and ergod-
icity are employed to make Kbest decrease nonlinearly. While CKGSA used
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Logistic mapping, its non-uniform distribution in [0, 1] (higher probability near
boundaries) affects efficiency. Tent mapping, a one-dimensional piecewise linear
map, provides more uniform distribution, faster iteration, and better optimiza-
tion efficiency:

) 2my, 0<2, <05
20 -w,), 05<a, <1

where z, € [0, 1].

The chaotic Kbest function based on Tent mapping is:

t
Kbest(t) = final_per 4+ x, x (1 — final_per) x (1 — T) x N

where N is the population size, T" is the maximum iteration number, and z, is
the chaotic number at iteration t¢.

2.2 Adaptive Weight Global Optimal Guided Velocity Update

To address GSA’ s lack of memory and optimal value oscillation, the velocity
update is modified as:

vl (t+1) = w-vl(t) + ¢, - rand, - al(t) + ¢, - rand; - (gbest?(t) — zd(t))

where w is the velocity weight coefficient, ¢; and ¢y are individual and social

learning factors, rand; and rand; are random numbers in [0, 1], and gbestd(t) is
the global best position.

The weight coefficient w significantly affects optimization performance. Large
w enhances global exploration, while small w facilitates local exploitation. An
adaptive weight based on evolutionary and convergence factors is proposed.

At iteration ¢, define particle i’ s fitness as f(x;(t)), its personal best as
f(pbest,()), and the global best as f(gbest(t)).

The evolutionary factor is:

oty (8) — ap. JPESt(E = 1)) = F(pbesty (1)) | (pbest, (1)) — f(ghest(t)

|f(pbest, (¢t — 1)) — f(gbest(t))] 2 |f(pbest,(t)) — f(gbest(t))]

where aq, a4, a5 € [0,1] with a; + a5 + a3 = 1 and max(a, as, ag) > 0.5.

The average personal best fitness is:
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N
ave_ fpbest(t) Z (pbest, (¢

i=1

The convergence factor is:

cont (t) M

ave_ fpbest(t)

where ave_ f(z(t)) is the average fitness of all particles.

When the evolutionary factor is large (poor evolution), w should decrease to
enhance local exploitation. When the convergence factor is large (high aggre-
gation), w should increase to enhance global exploration. The adaptive weight
coefficient is:

w; (t) = wy « (by - evot, () + by - cont(t))

where w,, is the initial weight, and b,,b, are balance coefficients with b;,b, €
(0,1) and by + by, = 1.

The complete velocity update equation becomes:

vt +1) = w;(t) - vl(t) + ¢; -rand,; - ad(t) + ¢y - rand; (gbestd(t) —zd(t))

3 Simulation Experiments and Results Analysis

Experiments were conducted in MATLAB R2013a on a 64-bit Windows 7 system.
Twelve benchmark functions were selected for numerical experiments, comparing
TCK-AGSA with basic GSA, CKGSA [24], and GG-GSA [25].

Table 1 shows parameter settings. For fairness, population size N = 50, max-
imum iterations 7" = 1000, and initial gravitational constant G, = 100 were
used for GSA and TCK-AGSA. Other parameters follow the literature [24,25].

Table 2 lists the twelve benchmark functions: F1-F4 are unimodal (F4 is a
discontinuous step function), F5-F8 are high-dimensional multimodal, and F9-
F12 are low-dimensional multimodal. Each function ran independently 30 times
to reduce random interference.

Table 3 compares optimization results. Mean, Best, and Std.Dev represent the
average, best, and standard deviation over 30 runs. Results for CKGSA and

GG-GSA are from their respective papers; “” indicates unavailable data. Bold
values indicate the best results.
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For unimodal functions F1-F3, TCK-AGSA significantly outperforms others in
convergence precision and stability. For F4, all algorithms achieve the theoreti-
cal optimum, showing GSA’ s effectiveness for discontinuous functions.

For high-dimensional multimodal functions F5-F8, TCK-AGSA shows superior
performance on F6, F7, and F8, though slightly less precise than GG-GSA on
F5. For F8 (Griewank function), which has numerous local optima, TCK-AGSA
achieves the theoretical optimum, demonstrating the chaotic Kbest strategy’ s
effectiveness in escaping local optima.

For low-dimensional multimodal functions F9-F12, TCK-AGSA exhibits better
convergence precision and speed. All three improved algorithms achieve theoret-
ical optima for F11 and F12, but TCK-AGSA’ s mean and standard deviation
are superior, indicating better robustness.

Figure 1 [Figure 1: see original paper] shows convergence curves for six selected
functions, illustrating TCK-AGSA’ s improved convergence speed and precision
over basic GSA, particularly for F3 where improvement reaches seven orders of
magnitude.

Overall, TCK-AGSA effectively handles complex optimization problems, demon-
strating superior convergence precision, speed, and robustness compared to

GSA, CKGSA, and GG-GSA.

4 Traffic Flow Prediction Experiment
4.1 Data Foundation and Preprocessing

The dataset comprises highway traffic flow data from Guizhou Province, col-
lected at observation station D534 in November 2016. It includes 30 dimensions
such as vehicle counts, speed, lane numbers, and average headway. After clean-
ing and dimensionality reduction, data from November 7-11 (5 days) for lanes
11, 12, 31, and 32 were selected, with 15-minute intervals yielding 96 daily sam-
ples. The weekday data exhibits clear periodicity. Data from November 7-10
(Monday-Thursday) served as the training set, while November 11 (Friday) was
used for testing.

To address instability and large variations in real traffic data, normalization was
applied:

X — Ty
Z’/: min

Tmax — Lmin

where x is the original value, z’ is the normalized value, and z are the

maximum and minimum flow values.

max> Lmin
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4.2 Traffic Flow Prediction Using TCK-AGSA Optimized LSSVM
Model

The TCK-AGSA-LSSVM prediction model uses real traffic data as input and
outputs optimized parameters C' and o along with predictions. The implemen-
tation flowchart is shown in Figure 2 [Figure 2: see original paper].

The algorithm proceeds as follows: a) Initialize TCK-AGSA parameters (par-
ticle number N, maximum iterations 7', etc.) and randomly deploy particles.
Initialize LSSVM parameter ranges and map them to particle positions. b) Use
Mean Squared Error (MSE) between predictions and actual values as the fitness
function. c) Update inertial masses using equations (12) and (13), and gravi-
tational coefficient using equation (17). d) Calculate inter-particle attraction
forces using equation (16). e) Compute chaotic Kbest using equation (25) and
resultant forces using equation (19). f) Calculate acceleration using equation
(20) and adaptive weight coefficient using equation (31). g) Update velocity
using equation (32) and position using equation (22). h) Check termination
criteria; if not met, return to step b. i) Map the global best particle position to
optimal LSSVM parameters C and o. j) Train the optimized model and output
predictions, evaluating performance through prediction errors.

4.3 Reference Models and Evaluation Metrics

To validate effectiveness, TCK-AGSA-LSSVM is compared with basic LSSVM,
FOA-LSSVM [10], and GSA-LSSVM [14]. For fair comparison, population size
N = 50, maximum iterations 7" = 100, and dimension D = 2 were used for all
optimization algorithms. FOA step size was set to 10; GSA and TCK-AGSA
used parameters from Table 1. Basic LSSVM used C' = 500 and o = 0.1.

Evaluation metrics include: - Mean Squared Error: MSE = % Zfil(yl — ;)2
- Mean Absolute Percentage Error: MAPE = + Zj\il yly;lg‘ x 100% - Mean
Absolute Error: MAE = %Zfil ly; — y;| - Fitting Coefficient: EC = 1 —
i (nimi)?

Zizl ("/z 7:&)2

Lower MSE, MAPE, and MAE indicate better performance; EC closer to 1
indicates better fit.

4.4 Comparative Analysis of Prediction Results

Experiments used MATLAB R2013a with the LSSVMIab1.8 toolbox. Table 4
shows parameter optimization results for different models. Figures 3 [Figure 3:
see original paper| through 6 [Figure 6: see original paper| compare prediction
effects, where ¢ represents time index and ¢ represents traffic flow.

The TCK-AGSA-LSSVM prediction curve best matches the actual data trend
(Figures 3a-6a). Scatter plots (Figures 3b-6b) show TCK-AGSA-LSSVM has
the smallest deviation from actual values. Relative error distribution (Figure
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7 [Figure 7: see original paper]) shows TCK-AGSA-LSSVM maintains most
errors below 5% with the smallest fluctuation range, demonstrating improved
accuracy even at difficult prediction points.

Table 5 compares evaluation metrics. TCK-AGSA-LSSVM achieves the lowest
MSE, MAPE, and MAE values while attaining the highest EC values, confirming
its superior prediction accuracy and fit.

5 Conclusion

This paper proposes TCK-AGSA, an improved gravitational search algorithm
featuring: (1) Tent map-based chaotic Kbest for escaping local optima, (2)
global optimal guidance for accelerated convergence, and (3) adaptive weight
coefficients based on evolutionary and convergence factors for better exploration-
exploitation balance. Benchmark tests on twelve functions demonstrate superior
performance over GSA, CKGSA, and GG-GSA in convergence precision, speed,
and robustness.

The TCK-AGSA-LSSVM traffic flow prediction model, tested on 2016 Guizhou
highway data, achieves lower MSE, MAPE, and MAE while obtaining higher
EC values compared to LSSVM, FOA-LSSVM, and GSA-LSSVM models. This
validates the proposed method’ s superior accuracy, robustness, and general-
ization capability, providing valuable support for traffic guidance and control
applications.
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