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Abstract

Tourist flow prediction plays a crucial role in enhancing the efficiency of scenic area
management, optimizing resource allocation, and promoting the sustainable development
of the tourism industry. To improve the accuracy and real-time performance of tourist flow
prediction, we propose a BP model based on a hybrid genetic algorithm (GA) and ant colony
optimization algorithm (ACO), called the GA-ACO-BP model. First, we comprehensively
considered multiple key factors related to tourist flow, including historical tourist flow
data (such as tourist flow from yesterday, the previous day, and the same period last year),
holiday types, climate comfort, and search popularity index on online map platforms.
Second, to address the tendency of the BP model to get easily stuck in local optima, we
introduce the GA, which has excellent global search capabilities. Finally, to further improve
local convergence speed, we further introduce the ACO algorithm. The experimental results
based on tourist flow data from the Elephant Trunk Hill Scenic Area in Guilin indicate that
the GA-AC*O-BP model achieves optimal values for key tourist flow prediction metrics
such as MAPE, RMSE, MAE, and R?, compared to commonly used prediction models.
These values are 4.09%, 426.34, 258.80, and 0.98795, respectively. Compared to the initial BP
neural network, the improved GA-ACO-BP model reduced error metrics such as MAPE,
RMSE, and MAE by 1.12%, 244.04, and 122.91, respectively, and increased the R? metric
by 1.85%.

Keywords: tourist flow prediction; genetic algorithm; ant colony optimization algorithm;
BP neural network; sustainability in tourism; artificial intelligence

1. Introduction

As economic levels continue to rise and lifestyles evolve, tourism has become increas-
ingly mainstream and plays a significant role in people’s daily lives. China’s tourism
industry is currently in a phase of sustained rapid growth and has emerged as one of
the world’s largest and fastest-growing tourism markets [1]. According to the statistical
bulletin released in 2024, the total number of domestic tourists in China reached 5.62 billion,
representing a year-on-year increase of 14.8%. Among these, urban residents accounted for
4.37 billion trips, up by 16.3%, while rural residents accounted for 1.25 billion trips, up by
9.9%. Meanwhile, total domestic tourism expenditure reached 5.8 trillion yuan, marking a
year-on-year increase of 17.1%.
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Against the backdrop of rapid development in the tourism industry, achieving timely
and accurate predictions of tourist numbers at tourist attractions has become a key issue in
promoting the operational efficiency of tourist attractions and the sustainable development
of the tourism industry [2]. If the number of tourists on a given day far exceeds expecta-
tions and the tourist attraction is not adequately prepared, it can easily lead to regional
congestion and traffic disruptions and, in severe cases, even safety incidents. Conversely,
if tourist numbers drop significantly and the scenic area management fails to obtain ad-
vance information, this may result in waste of human and material resources, increasing
unnecessary operational costs. Over the long term, this will have an adverse impact on the
normal operations and healthy development of the scenic area. Therefore, establishing an
efficient and reliable tourist flow prediction method is of great significance for enhancing
the management efficiency of tourist scenic areas, ensuring tourist safety, and optimizing
resource allocation.

Traditional tourist flow prediction methods, such as ARMA [3] and ARIMA [4], have
certain forecasting capabilities under specific conditions, but their prediction results suf-
fer from low accuracy, strong lag, and poor adaptability. Especially when dealing with
complex nonlinear relationships, multivariate interactions, and dynamic changes in tourist
flow, traditional prediction methods are significantly limited in their effectiveness and
cannot meet the current tourism management requirements for high accuracy and real-time
performance.

In recent years, the continuous advancement of artificial intelligence technology has
provided new insights and methods for predicting tourist flow. Rob Law [5] used a back
propagation (BP) neural network [6] to predict tourist demand and through empirical exper-
iments demonstrated that this method outperforms regression models, time series models,
and feedforward neural networks in terms of predictive accuracy. Li et al. [7] employed
the long short-term memory (LSTM) [8] method to predict tourist flow and demonstrated
through experiments that this method outperforms traditional ARIMA models [4] and BP
neural networks [6] in terms of predictive performance. Chen et al. [9] proposed a road
traffic flow prediction model based on least squares support vector machines (LSSVM) [10]
to predict the traffic flow of a bus route in Changchun City. The experimental results
showed that the predicted values of this model closely matched the actual observed values,
with the coefficient of determination (R?) of the training set generally exceeding 0.90, veri-
fying the effectiveness and feasibility of this method in bus passenger flow prediction. Liu
et al. [11] proposed a hybrid model combining a deep neural network (DNN) initialized
by a self-encoder (SAE) [12] to predict passenger flow at four rapid transit bus stations
in Xiamen City. Experimental results showed that the SAE-DNN model demonstrated
high prediction accuracy and good generalizability under different passenger flow char-
acteristics at various stations. Hu et al. [13] proposed a multi-layer traffic flow prediction
model (MTDLTFP) that integrates transformers [14] and deep learning. The model adopts
the transformer’s encoder-decoder architecture to perform multi-layer feature extraction
on raw traffic data and then inputs the extracted latent features into a neural network to
generate prediction results. Experimental results show that the model achieves an RMSE of
0.191 and an MAE of 0.165 on the Workday dataset and an RMSE of 0.227 and an MAE of
0.192 on the Holiday dataset.

Given the limitations of artificial intelligence foundation models in tourist flow predic-
tion, many scholars have improved the model structure and algorithms to enhance predic-
tive performance and application effectiveness. Li et al. [15] combined web search data with
the fruit fly optimization algorithm (FOA) [16] to optimize the BP neural network [6], con-
structing the FOA-BP model for predicting daily tourist flow in the Huangshan Scenic Area,
China; experimental results showed that compared to the GA-BP and PSO-BP models, the
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FOA-BP model achieved higher prediction accuracy for tourist flow during peak seasons.
Li et al. [17] combined seasonal K-means clustering with the particle swarm optimization
(PSO) algorithm [18] to optimize the LSSVM [10], proposing a seasonal clustering-based
tourist flow prediction method. This method effectively improved the accuracy of daily
tourist flow predictions, with overall accuracy increasing by nearly 3% compared to the
initial LSSVM model. Wang et al. [19] integrated attention mechanisms with 1IDCNN-LSTM
networks to construct a short-term traffic flow prediction model. This method combines the
advantages of CNN [20] in time series feature extraction with the long-term dependency
modeling capabilities of LSTM [8]. Experimental results demonstrated that compared
with traditional neural network models, the proposed model achieved faster convergence
and higher prediction accuracy, while the incorporation of attention mechanisms further
enhanced its ability to capture key features. Lu et al. [21] proposed a CNN-LSTM prediction
method optimized by genetic algorithms (GA-CNN-LSTM) for predicting the daily tourist
flow in the Huangshan Scenic Area, China. This method constructs continuous feature
maps from multi-modal data, such as web search data and meteorological data, extracts
feature vectors through CNN [20], and inputs them into LSTM [8] for time series prediction.
The experimental results show that this model exhibits high accuracy and stability in
predicting daily tourist flow.

Although the aforementioned studies have achieved satisfactory results in tourist
flow prediction, most researchers primarily rely on historical tourist flow data during
the prediction process and pay little attention to objective environmental factors such as
weather conditions and average temperature. These factors often significantly influence
tourists” willingness to travel, thereby causing fluctuations in tourist flow. In terms of base
model selection, LSTM, LSSVM, and BP neural networks are frequently applied to tourist
flow forecasting tasks due to their strong nonlinear modeling capabilities. LSTM effectively
captures long-term dependencies in time series data; however, when handling tourist flow
data containing discontinuous dates, it struggles to extract underlying information and
correlations, resulting in limited predictive performance [22,23]. LSSVM demonstrates
strong generalization capabilities when handling small-sample, high-dimensional data
and converges quickly, but it is sensitive to parameter selection and may be affected by
improper parameter settings, thereby impacting prediction accuracy [24,25]. In contrast,
BP neural networks demonstrate greater adaptability when handling non-continuous,
structurally complex data, making them highly suitable for complex tourist flow prediction
tasks. However, BP neural networks also suffer from issues such as being prone to local
optima and low training efficiency [26]. Therefore, research on model optimization for
tourist flow prediction in scenic areas remains of significant theoretical and practical value.

We use a BP neural network as the base model to predict tourist flow in scenic spots.
To address the issues that exist in real-world tourist flow prediction, we have made the
following three improvements:

e To address the limitations of previous studies that relied too heavily on historical
tourist flow data, we introduced multiple influencing factors, including holiday types,
climate comfort, and search popularity index on online map platforms, in addition to
historical data such as yesterday’s tourist flow, the previous day’s tourist flow, and
tourist flow during the same period last year, to assess tourist travel intentions and
improve the accuracy of tourist flow predictions.

e  To address the issue of BP neural networks easily falling into local optima and affecting
prediction accuracy, we introduce a genetic algorithm (GA) to optimize the initial
weights and thresholds of BP neural networks. GA has good global search capabilities
and can effectively solve the problem of BP neural networks easily falling into local
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optima, improving the prediction accuracy and training convergence stability of
the model.

e To address the issue of low local convergence efficiency in GA when optimizing BP
neural networks, we further introduce the ant colony optimization algorithm (ACO) to
improve real-time prediction performance. ACO accelerates the model’s convergence
speed in local regions by simulating the transmission and accumulation of pheromones
to guide weight adjustment paths. Additionally, using GA’s optimization results as
ACOQO'’s initial solution to initialize pheromone distribution helps overcome the issue of
slow global search speed in the early stages of ACO due to insufficient pheromones.

Section 2 of this paper introduces the dataset used, the basic structure of the BP
neural network, and the optimization methods of GA and ACO for the network. Section 3
introduces the experimental environment, training parameters, and evaluation indicators
and analyzes the experimental results. Section 4 discusses the experimental results and
points out the limitations of the experiment and future research directions. Section 5
summarizes the experimental methods and implications.

2. Materials and Methods
2.1. Data Collection

To more comprehensively evaluate the performance of the tourist flow prediction
model, this study constructed a dataset containing multi-dimensional features such as
date, yesterday’s tourist flow, the previous day’s tourist flow, tourist flow during the same
period last year, holiday type, climate comfort, and search popularity index. Tourist flow
data was sourced from the Guilin Tourism Network, and we collected tourist flow data
for the Elephant Trunk Hill Scenic Spot in Guilin from February 2023 to January 2025.
For several discontinuous missing tourist flow values in the original data, we performed
interpolation using linear interpolation based on the weighted average of tourist numbers
from the preceding and following dates to ensure data continuity and minimize the impact
of missing values on model training performance. For abnormal situations where the
number of tourists on a given day exceeded the maximum daily capacity (35,000) of the
scenic area, we adjusted it to the maximum capacity of the scenic area to ensure data
rationality. To improve the accuracy of model predictions, daily tourist flow values were
normalized using the following formula:

y = (xi - Xmin)(ymax - ]/min) + Yumin 1)

Xmax — Xmin

In the formula, x; represents the daily tourist flow, and x,,;;, and x;,,x represent the
minimum and maximum values of the daily tourist flow, respectively. y is the normalized
value, and y,,;;, and ¥ represent the lower and upper limits of the normalized value,
respectively.

The type of holiday reflects the regulatory effect of holidays on tourist flow. Based
on calendar information, we divide dates into three categories: weekdays, weekends, and
national statutory holidays.

Climate comfort reflects tourists” willingness to travel. We collected various climate
indicators, including weather conditions, maximum and minimum temperatures, air qual-
ity, and wind speed, from the Guilin Meteorological Bureau website for the period from
February 2023 to January 2025. For extreme readings of climate indicators caused by ex-
treme weather events (such as typhoons and heavy rainfall), we used upper and lower
limit truncation methods to control them within a reasonable range, thereby preventing
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unreasonable negative scores or extreme deviations. Based on these indicators, we divided
climate comfort into five levels, using the following formula:

S’ = round( (wlsweather + wZSTmax + wBaSTmin + w4SAQI + w5swind) /20) (2)

In the formula, wy /w> /w3 /ws/ws are weighting coefficients, set to 0.3, 0.2, 0.2, 0.2,
and 0.1, respectively; Syeathers STmaxs STmin, SaQl, and Sying are the scores for weather
conditions, maximum temperature, minimum temperature, air quality, and wind speed,
respectively, each with a maximum score of 100 points. The highest score is assigned when
the indicator is at its optimal condition, specifically sunny weather (100 points), maximum
temperature of 15-30 °C (100 points), minimum temperature of 15-20 °C (100 points), Air
Quality Index (AQI) < 50 (100 points), and wind speed of level 0 or 1 (100 points).

The search popularity index is used to measure changes in the level of interest in tourist
attractions on online platforms, reflecting potential visitor trends. The tourist attraction
search index used in this article is sourced from popular Chinese map search software,
including Baidu Maps and Gaode Maps.

After preprocessing the data, we split the dataset chronologically to avoid information
leakage and preserve temporal order. We used 516 data points from February 2023 to June
2024 as the training set, which covers multiple peak and off-peak seasons and holiday
patterns to enable the model to learn long-term trends and seasonal cycles. The 153 data
points from July 2024 to November 2024 served as the test set to evaluate generalization,
while the 62 data points from December 2024 to January 2025 formed the validation set for
hyperparameter tuning and the selection of BP network hidden layer nodes.

2.2. BP Neural Network Model

The BP neural network was proposed by British scholars Rumelhart, McClelland et al.
in 1986 [6]. It is a feedforward neural network trained based on the error backpropagation
mechanism. This model can effectively identify nonlinear relationships between inputs and
outputs through learning from large amounts of data, making it very suitable for handling
tourist flow prediction tasks involving complex nonlinear relationships.

The BP neural network consists of an input layer, hidden layers, and an output layer,
as shown in Figure 1. The operation process of the BP neural network comprises two parts:
forward propagation of input information and backward propagation of error. During
the forward propagation of input information, input data is transmitted from the input
layer to the hidden layers, processed, and then transmitted to the output layer to generate
the model’s predicted values. Subsequently, the model’s predicted values are compared
with the actual values to calculate the error. If the error meets the predefined target or
reaches the maximum number of iterations, the training process terminates; otherwise, the
process enters the error backpropagation phase, where the weights and thresholds between
neurons in each layer are adjusted based on the error information to further optimize
network performance. Through repeated iterations of this process, the BP neural network
gradually converges toward the optimal solution, learning the complex nonlinear mapping
relationship between input and output to achieve more accurate predictions.

In the BP neural network, the input layer is used to receive external feature data, and
the number of neurons typically corresponds to the dimension of the input features. In
the tourist flow prediction experiment conducted in this study, the input data included
six types of features: yesterday’s tourist flow, the previous day’s tourist flow, tourist flow
during the same period last year, holiday type, climate comfort, and search popularity
index. Therefore, the input layer of the BP neural network was set to six neurons to
comprehensively reflect the main factors affecting tourist flow.
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Figure 1. BP neural network structure.

The hidden layer of the BP neural network is responsible for extracting and trans-
forming input features, enabling the network to capture complex patterns in the data. The
number of hidden layers can be one or multiple layers. In this study, it was set to one
layer in the tourist flow prediction experiment. The number of neurons in the hidden layer
typically needs to be determined through experimentation. Too few neurons may limit
feature learning capabilities, while too many may lead to overfitting.

The output layer of the BP neural network is used to generate the final prediction
results, and the number of neurons is determined by the dimension of the prediction target.
In the tourist flow prediction experiment in this study, the prediction target was the daily
tourist flow, so the output layer was set to 1 neuron.

In BP neural networks, the choice of activation function is critical to model perfor-
mance. It not only introduces nonlinear factors but also directly affects the output of
neurons, thereby helping to address nonlinear problems such as visitor traffic prediction.
This study selected the Tansig function as the activation function and applied it to signal
transmission from the input layer to the hidden layer and from the hidden layer to the
output layer. The formula is as follows:

2
- 1
1+e 2

f(x) ®)
2.3. Improvements to the BP Model

2.3.1. Introduction of Genetic Algorithms

To address issues such as BP neural networks easily falling into local optima, we
introduce genetic algorithms (GA) [27] to optimize the initial weights and thresholds of BP
neural networks. GA simulates biological evolutionary processes to achieve global search
and parameter optimization, which helps improve the prediction accuracy and training
convergence stability of BP neural networks.

GA draws on Darwin’s concepts of natural selection and genetic mechanisms. Based
on the rules of the fitness function, GA uses operations such as selection, crossover, and
mutation to evaluate and screen each individual in the set, retaining the most optimal
individuals. The specific process of GA is shown in Figure 2.
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‘ Identifying the problem set |

| Produce the next generation

‘ Initialize the population |

|

Evaluate individual fitness |

Meet the termination conditions

Output the optimal solution

Figure 2. Genetic algorithm flowchart.

The specific steps for optimizing the BP neural network using the GA are described below:

Initialize the population. Randomly generate an initial populationS = (54,5, .. ., SM)T
of individuals. For each individual, use a linear interpolation function to generate a

real number gene vector sy, sy, . .., sy within a given data selection range as a chro-
mosome of the GA. Use real number encoding to ensure that chromosomes can be

directly mapped to the parameters of the BP neural network, thereby improving

search efficiency and accuracy.

Evaluate individual fitness. Based on the optimized parameters of the BP neural

network, assign the chromosomes generated in step 1 as the weights and thresholds

of the network, and train using the training sample set. Then, calculate the sum of

squared training errors to evaluate the fitness of each individual. If the fitness of the

individual meets the termination condition, output the optimal solution. Otherwise,

continue with the next step of genetic operation.

Perform individual selection operations based on the roulette wheel method using

fitness ratios. The selection probability of each individual is related to its fitness, and

the specific calculation method is shown in Formula (4):

_ ki
le‘\il ki

In the formula, k; is the reciprocal of fitness, and M is the population size.

pi ,i=12,...,M (4)

Perform crossover operations. Crossover operations involve crossing genes at ran-
dom positions on the chromosomes of two individuals to generate new offspring
individuals. For example, the crossover operations for gene sx and gene sy at position
j are shown in Formula (5):

ij = ij(l - b) + Sy]'b
Sy]' = Syj(l — b) + ijb

In the formula, b is a random number between [0, 1].

Perform mutation operations. Mutation operations adjust specific genes of individuals
to enhance the global search capability of the algorithm. For example, select the jth
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gene of the ith individual for mutation operations. The specific calculation method is
shown in Formula (6):

(6)

6 = IS T (sij — Smax)(g), r > 0.5
=
! Sij + (Smin — sij)h(g), r < 0.5

h(g) =12 (1 _8 ) )

Gmax

In Formula (6,) Sjax and sy, are the upper and lower bounds of the values of gene
sij, respectively, and  is a random number between [0, 1]. In Formula (7), r; is a random
number, g is the current iteration count, and G,y is the maximum number of evolutionary
generations.

6.  Select the individual with the optimal fitness as the optimal solution of GA and
use the chromosome of that individual as the initial weight and threshold of the BP
neural network.

Genetic operations such as selection, crossover, and mutation enable GA to perform
global searches effectively, alleviating the problem of BP neural networks easily falling into
local optima during training. However, GA needs to maintain a population consisting of
multiple candidate individuals to search for the optimal solution. This population mecha-
nism improves global search capabilities but also requires each iteration to evaluate multiple
candidate individuals simultaneously, consuming more computational resources [28,29].
Especially when the population contains a large number of candidate individuals that are
not concentrated in the optimal region, the convergence speed of GA in local regions tends
to slow down.

2.3.2. Introduction of Ant Colony Optimization Algorithm

To address the shortcomings of GA in optimizing BP neural networks, such as low
local convergence efficiency, we introduced the ant colony optimization algorithm (ACO).
ACO was proposed by Marco Dorigo et al. [30], and its principle is based on simulat-
ing the foraging behavior of ants. During the process of searching for food, ants release
pheromones along their paths, and other ants tend to choose paths with higher pheromone
concentrations. Ants travel more frequently along shorter paths, leading to faster accumula-
tion of pheromones, making these paths more likely to be chosen by other ants. Ultimately,
all ants will select the shortest path. The process of the ACO is illustrated in Figure 3.

Initialize pheromone distribution and
ant population

Select paths and construct candidate
solutions

‘ Update pheromones ‘

Meet the termination conditions

[ Output the optimal ]

solution

Figure 3. Ant colony optimization algorithm flowchart.
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The specific steps for optimizing the BP neural network using the ACO algorithm are

described below:

1.

Initialize pheromone distribution and ant colony parameters. We treat the weights and
thresholds in the BP neural network as nodes on the ant colony search path, and the
pheromone concentration is used to represent the importance of the corresponding
path. Randomly initialize the pheromone concentration on the path, and set the
number of ants, pheromone evaporation rate, and maximum number of iterations
according to the problem scale while determining the initial distribution position of
the ants.

Selecting paths and constructing candidate solutions. During the search process, ants
use a probability transfer mechanism to determine their next move based on the
pheromone concentration and heuristic information on the current path, gradually
constructing candidate solutions. The path selection probability formula is as follows:

e
D Yreatiowed (T)™ (9ix)

In the formula, 7;; is the pheromone concentration between paths i and j, ¢;; is heuristic

; ®)

information, and « and  represent the importance of pheromones and heuristic informa-
tion, respectively.

3.

Update pheromones. Update the pheromone distribution along the search paths of
all ants based on their search paths. Pheromones along shorter paths are enhanced
to guide more ants toward that path. At the same time, pheromones along the path
also evaporate over time to prevent the algorithm from getting stuck in a local opti-
mum. The pheromone update formula is shown in Formula (9), and the pheromone
evaporation formula is shown in Formula (10):

ATij =

Q
= ©)

T = (1-p)T; (10)

In Formula (8), At;; represents the amount of pheromone between paths i and j, Q

is a constant, and L is the total length of the path. In Formula (9), p is the pheromone

evaporation rate, and T;; is the pheromone concentration between paths i and j.

4.

Determine whether the termination conditions are met, such as reaching the maximum
number of iterations or the error of the solution being less than the preset target. If
the termination conditions are met, end the search process. Otherwise, jump to step 2.
Output the optimal solution. Select the path with the highest pheromone concentra-
tion as the currently found global optimal solution and use its corresponding weight
and threshold as the initial parameters of the BP neural network.

The pheromone positive feedback mechanism enables ACO to exhibit high efficiency

in local searching, thereby accelerating the convergence speed of the BP neural network

and improving the real-time nature of predictions. However, during the initial stages

of searching, due to insufficient pheromone distribution, ants primarily rely on random

search mechanisms, resulting in relatively slow global optimization speed in the initial

stage [31,32]. Only when pheromones gradually accumulate along critical paths and form

a significant guiding effect can the ant colony effectively transition to heuristic searching,

thereby improving search efficiency and accelerating algorithm convergence.
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Collect experimental data
sets

| Data preprocessing

2.3.3. GA-ACO-BP Neural Network Model

To fully leverage the complementary advantages of GA and ACO in optimizing
performance, we propose a BP neural network model based on a hybrid GA and ACO,
called the GA-ACO-BP model, for predicting tourist flow in scenic spots. This model
combines the global search capabilities of genetic algorithms with the local efficient search
capabilities of ant colony algorithms to improve the prediction accuracy and convergence
efficiency of BP neural networks during the training process.

The core idea of the model is to use the weights and thresholds of the BP neural
network as optimization objectives. First, the initial solution of the BP neural network is
used as input for the genetic algorithm. Leveraging the genetic algorithm’s initial global
search capability, a rough local range close to the optimal solution can be quickly identified,
yielding a suboptimal intermediate solution. The convergence direction of the obtained
intermediate solution is closer to the optimal solution and is independent of the initial
values. Then, we use the intermediate solution obtained by the GA algorithm as the initial
input for the ACO algorithm to initialize the pheromone distribution. Leveraging the ACO
algorithm’s high efficiency in local convergence during the later stages, we can quickly
compute the intermediate solution and obtain the optimal solution. The specific flowchart
of the GA-ACO-BP model is illustrated in Figure 4:

Begin

v
| Initialize the BP neural | : ACO
1
1

network

Initialize pheromone distribution and

|Initialize problem parameters|
ant population

| Obtain the optimal weight and
threshold

| Produce the next generation

| Initialize the population |

Assessing the individual |

I Update pheromones | Calculation error
fitness

Meet the termination conditions eet the termination conditions

No No

1
1
1
1
1
1
1
1
1
1 :
- 1
Select paths and build 1 BP neural network continues
candidate solutions ' training and testing
1
: v
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

| Output the optimal solution }—:— | Output prediction results

Figure 4. The flowchart of the GA-ACO-BP neural network model.

3. Results
3.1. Experimental Environment and Training Parameters

Our experimental environment configuration mainly consists of hardware and soft-
ware components. In terms of hardware, the experiment uses a 12th generation Gen Intel(R)
Core(TM) 19-12900H processor with 16 GB of RAM. The software environment is a 64-bit
Windows 10 Professional operating system, and the experiment is mainly conducted using
MATLAB 2022a software.

All models were trained using uniform experimental parameters, with specific param-
eter settings shown in Table 1.



Informatics 2025, 12, 89 11 of 20
Table 1. Training parameter settings.
Model Parameter Name Parameter Value
Learning rate 0.01
BP Target training error 0.0001
Maximum number of iterations 1000
Population size 20
GA Cross probability 0.8
Mutation probability 0.1
Maximum number of generations 50
Ant population size 20
Pheromone factor 2
ACO Heuristic function factor 3
Pheromone evaporation rate 0.5
Maximum number of iterations 50

The learning rate determines the step size for each weight update. If it is too high, it
may cause gradient explosion; if it is too low, it will slow down the convergence speed.
Considering the complexity of tourist flow prediction, we set the learning rate to 0.01. The
target error is one of the stopping conditions for training, and we set it to 0.0001 to balance
prediction accuracy and training efficiency. The maximum number of iterations is used to
limit the number of training rounds, and we set it to 1000.

Population size directly affects the coverage of the algorithm’s search space and
the diversity of solutions. A population that is too small may limit the search range,
while a population that is too large may increase computational complexity. We set the
population size for both the GA and ACO algorithms to 20 to balance search capability and
computational efficiency. The maximum number of generations for GA and the maximum
number of iterations for ACO are both set as the termination conditions for their respective
algorithms. We uniformly set these to 50 to meet the requirements of the tourist flow
prediction task and maintain consistency in parameter settings for subsequent comparative
experiments.

In the GA algorithm, the cross probability determines the frequency of gene exchange
between individuals. An excessively high cross probability may disrupt the genetic struc-
ture of superior individuals, while an excessively low probability may slow down the
generation of new individuals. We set the cross probability to 0.8 to efficiently generate new
individuals while maintaining population diversity. The mutation probability represents
the likelihood of random changes in an individual’s genes, and we set it to 0.1 to introduce
moderate randomness while maintaining population stability. In the ACO algorithm, the
pheromone factor controls the importance of pheromones in path selection. We set it to 2 to
ensure that the ant colony fully utilizes existing high-quality path information during the
search process. The heuristic function factor reflects the weight of heuristic information in
path selection. We set it to 3 to enhance the ant colony’s preference for locally optimal paths.
The pheromone evaporation rate represents the rate at which pheromones decay over time.
We set it to 0.5 to maintain search diversity while preventing premature convergence.

3.2. Evaluation Criteria

In previous studies evaluating the predictive performance of BP neural network
models, common metrics such as the mean absolute percentage error (MAPE), root mean
square error (RMSE), mean absolute error (MAE), and mean square error (MSE) have
been used to assess the predictive performance of BP neural network models [33]. MAPE
measures the average relative deviation between predicted values and actual values; RMSE
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reflects the overall variability of prediction errors; MAE represents the average absolute
value of prediction errors and has strong resistance to outliers; MSE is commonly used to
evaluate the training performance of models. Smaller values of MAPE, RMSE, MAE, and
MSE indicate lower prediction errors and better overall predictive performance. To further
assess the model’s goodness of fit, we also introduce the coefficient of determination (R?),
which measures the model’s ability to fit the actual trend. A higher R? value closer to 1
indicates better predictive performance. The formulas for these metrics are as follows:

100% & | £; — x;

APE = A 11
M N 1221 ” (11)
RMSE = li(ﬁ- —x;)? (12)

- Ni=1 1 1
1 N

MAE = N._ |)21' - xi| (13)

i=1

MSE = l%(ﬁ- —x;)? (14)

- Nlil 1 1
o 2
RP=1- —ZlN:l(’_“i — %) (15)
A (Xi - xi)

In the above formula, %; represents the model’s predicted tourist flow value, x; repre-
sents the actual tourist flow, x; represents the average tourist flow value in the dataset, and
N represents the number of days with tourist flow in the dataset.

3.3. Comparative Experiment of Hidden Layer Nodes in BP Neural Networks

To analyze the impact of the number of hidden layer nodes on the prediction accuracy
of the BP neural network, we designed a comparative experiment in the validation set to
examine the mean absolute error (MAE) of the model under different node counts. The
results are shown in Figure 5. The experimental results indicate that as the number of
hidden layer nodes increases from 5 to 8, the MAE gradually decreases, suggesting that
the prediction accuracy of the BP neural network for tourist flow has improved. When the
number of hidden layer nodes exceeds 8, the MAE increases and becomes more volatile,
indicating that the BP neural network faces the risk of overfitting, leading to reduced
prediction stability. When the number of hidden layer nodes is set to 8, the MAE reaches
its minimum value, at which point the BP neural network achieves the best tourist flow
prediction performance. Therefore, in subsequent experiments, the number of hidden
layer nodes is uniformly set to 8 to ensure fair comparison among models under identical
structural conditions.
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Relationship between the Number of Hidden Layer Nodes in the BP model and MAE
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Figure 5. Relationship between the number of hidden layer nodes in the BP model and MAE.

3.4. Tourist Flow Prediction Results of the GA-ACO-BP Model

Figure 6 shows the comparison between the prediction results of the GA-ACO-BP
model on the test set and the actual tourist flow. Overall, the model’s predicted values
are highly consistent with the actual data. In terms of three key error metrics, the model
demonstrates low error rates: RMSE is 426.34, MAE is 258.80, and MAPE is 4.09%. A
low RMSE indicates that the model has good fitting capability for data with significant
fluctuations; a low MAE suggests that the model has minimal overall prediction bias; and a
low MAPE further validates that the model maintains high stability and accuracy across
different scales of tourist flow.

3 X 10* Tourist flow prediction results of the GA-ACO-BP model: RMSE=426.34, MAE=258.80, MAPE=4.09%
T T T T

—=— actual value
—e— predicted value

[
1.5 - K‘

Tourist flow

W)

0 1 | | Il
2024-07-01 2024-08-01 2024-09-01 2024-10-01 2024-11-01 2024-12-01
Date

Figure 6. Tourist flow prediction results of the GA-ACO-BP model on the test set.
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Figure 7 shows the coefficient of determination (R?) of the GA-ACO-BP model on
the training set and test set. The R? for the training set is 0.98993, and that for the test
set is 0.98795, both of which are close to 1. This indicates that the model has good fitting
performance on different datasets, with prediction results highly consistent with actual
tourist flow, demonstrating strong generalization capabilities.
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Figure 7. (a) Training set rendering. (b) Test set rendering.
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3.5. Comparative Experiments of Different Prediction Models

To validate the effectiveness of the GA-ACO-BP model, we compared it with several
commonly used prediction models, including BP [6], LSSVM [10], LSTM [8], ELM [34], and
PSO-BP [35]. The prediction performance of each model on the test set is shown in Table 2.
Figure 8 shows the absolute error variation trends of different models on the test set for an
intuitive comparison of their prediction accuracy and stability.

Table 2. Prediction results of different prediction models on the test set.

Model MAPE (%) RMSE MAE R?
BP 521 670.38 381.71 0.97005
LSSVM 4.46 498.92 302.50 0.98341
LSTM 4.65 493.62 306.83 0.98376
ELM 5.54 640.18 377.50 0.97269
PSO-BP 4.18 481.19 280.42 0.98457
GA-ACO-BP 4.09 426.34 258.80 0.98795

Comparison of prediction errors in the test set

4000
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3500 - ‘;IAM
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3 2500 |-
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[}
§ 1500 [
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j A&? WA ARAAIALARY A |
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Figure 8. Comparison of absolute errors on the test set for each prediction model.

As shown in Table 2, the GA-ACO-BP model outperforms other comparison models
in all key prediction metrics, achieving MAPE, RMSE, MAE, and coefficient of determi-
nation (Rz) values of 4.09%, 426.34, 258.80, and 0.98795, respectively, demonstrating the
best tourist flow prediction performance. Compared to the basic BP neural network, the
model shows significant improvements in error metrics, with MAPE, RMSE, and MAE
decreasing by 1.12 percentage points, 244.04, and 122.91, respectively, and R? increasing
by 0.86 percentage points. This indicates that the GA-ACO-BP model is highly suitable
for handling prediction tasks involving complex nonlinear relationships and interactions
among multiple dependent variables, such as tourist flow forecasting.

3.6. Ablation Experiment

To verify the effectiveness of genetic algorithms (GA) and ant colony algorithms (ACO)
in improving the performance of BP neural networks, we designed three sets of ablation
experiments. The specific results are shown in Table 3.
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Table 3. Ablation experiment.
Model MAPE (%) RMSE MAE R?
BP 521 670.38 381.71 0.97005
GA-BP 4.42 473.27 303.12 0.98515
ACO-BP 4.17 442.43 284.91 0.98691
GA-ACO-BP 4.09 426.34 258.80 0.98795

In the first round of experiments, we introduced GA into the basic BP neural network
to obtain the GA-BP model. The results show that compared with the BP model, the GA-BP
model decreased by 0.79%, 197.11, and 78.59 in error indicators such as MAPE, RMSE, and
MAE, respectively, while R? also increased by 1.56 percentage points. In the second round of
experiments, we introduced ACO into the original BP model to obtain the ACO-BP model.
This model outperformed the original BP model in all metrics, with MAPE, RMSE, and
MAE decreasing by 1.04 percentage points, 227.95, and 96.8, respectively, and R? increasing
by 1.73 percentage points. In the third round of experiments, we introduced ACO into
the GA-BP neural network, resulting in the optimized GA-ACO-BP model. This model
outperformed the GA-BP model in all evaluation metrics, with MAPE, RMSE, and MAE
decreasing by 0.33 percentage points, 46.93, and 44.32, respectively, while R? improved by
0.28 percentage points. The above results indicate that both GA and ACO can effectively
improve the predictive performance of the BP neural network, and their combination
further enhances the overall performance of the model.

Figure 9 shows the fitness change curves of the GA, ACO, and GA-ACO algorithms.
Fitness is an important metric for evaluating the quality of solutions in intelligent opti-
mization algorithms; the smaller the value, the closer the solution is to the ideal state
and the better the algorithm performance. In the initial stage, the GA algorithm has the
lowest fitness value (0.00157), followed by the GA-ACO algorithm (0.00325), while the ACO
algorithm has the highest fitness value (0.02239). The ACO algorithm, due to insufficient
pheromone distribution in the initial stage, relies primarily on random search mechanisms,
resulting in a higher initial fitness value. In contrast, the GA-ACO algorithm uses interme-
diate solutions obtained from the GA to initialize the pheromone distribution, resulting in a
significantly lower initial fitness value compared to the standalone ACO algorithm. During
subsequent iterations, the ACO algorithm converges significantly faster than the GA, due
to its faster local convergence capability. The GA-ACO algorithm demonstrates superior
convergence speed, achieving a final fitness value lower than that of the GA or ACO
algorithms alone, indicating higher optimization efficiency. This characteristic makes it
particularly suitable for real-time tourist flow prediction scenarios with high requirements
for prediction speed. Specifically, the fitness value after convergence is 5.015 x 1071 for
the ACO algorithm, 4.402 x 10~* for the GA algorithm, and 3.495 x 10~7 for the GA-ACO
algorithm, further validating the synergistic advantages of the GA-ACO algorithm in global
search and local optimization.

Figure 10 illustrates the comparison of the mean square error (MSE) changes between
the GA-ACO-BP model and the BP model during the training process. The GA-ACO-BP
model achieves the best result on the validation set at the 8th iteration in 14 iterations, with
an MSE of 0.00025532. In contrast, the BP model achieves the best effect on the validation
set at the 20th iteration after 26 iterations, with an MSE of 0.00026964. The results show that
the GA-ACO-BP model optimized by GA and ACO algorithms is better than the original
BP model in terms of convergence speed and accuracy and is more suitable for tourist flow
prediction scenarios that require high real-time performance and accuracy.
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Figure 10. Comparison of MSE variation during training between GA-ACO-BP and BP models.

4. Discussion

The results of the tourist flow prediction experiment conducted at the Elephant Trunk
Hill Scenic Area in Guilin indicate that the GA-ACO-BP model achieved optimal values
for key tourist flow prediction metrics such as MAPE, RMSE, MAE, and R?, compared to
currently popular prediction models. These values were 4.09%, 426.34, 258.80, and 0.98795,
respectively. Compared to the basic BP neural network, the improved GA-ACO-BP model
reduced the error metrics MAPE, RMSE, and MAE by 1.12 percentage points, 244.04, and
122.91, respectively, and increased the R? by 1.85 percentage points. Additionally, the
GA and ACO optimization algorithms each have their own advantages in improving the
performance of the BP neural network. GA enhances global search capabilities, while ACO
improves local convergence speed. The combination of the two significantly improves
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the training convergence speed and model accuracy of the BP model, making it partic-
ularly suitable for tourist flow prediction tasks that require high real-time performance
and accuracy.

Although the GA-ACO-BP model has demonstrated good performance in tourist flow
prediction, it still has certain limitations. First, the parameter settings of the GA and ACO
algorithms mainly rely on human experience and lack an adaptive adjustment mechanism.
When applied to datasets with large fluctuations in data scale or obvious differences in
feature distribution, we need to manually adjust the parameters according to the specific
situation, which will affect the model’s generality and stability. Second, this study used
the Guilin Elephant Trunk Hill Scenic Area as a case study for experimentation, and the
model’s transferability and universality have not yet been systematically validated in other
regions or different types of scenic areas. Future research will focus on the following areas:
first, introducing automated hyperparameter optimization methods (such as Bayesian
optimization) to enhance the model’s adaptability and generalization capabilities; second,
expanding the model’s application scenarios to different geographical regions and multi-
type scenic areas to validate its cross-regional predictive performance; and third, integrating
more real-time data sources (such as social media dynamics and traffic flow) to enhance
the model’s response capabilities to sudden events and complex environments. In addition,
confidence intervals and hypothesis testing will be further explored to provide stronger
statistical evidence and to more comprehensively assess the robustness of the model.

5. Conclusions

To address the shortcomings of traditional tourist flow prediction models in handling
nonlinear features, prediction accuracy, and real-time response, we propose the GA-ACO-
BP model to improve the accuracy and real-time response of tourist flow prediction in
tourist attractions. First, in addition to historical tourist flow data (such as tourist flow from
the previous day, the day before that, and the same period last year), we have introduced
multi-dimensional features such as holiday type, climate comfort, and scenic area search
index to enhance the model’s ability to perceive changes in visitor travel intentions, thereby
improving the applicability and robustness of the prediction. Second, to address the
issue of BP neural networks easily getting stuck in local optima, we have employed a
genetic algorithm (GA) to optimize the initial weights and thresholds of the network,
thereby enhancing its global search capability. Finally, to address the limitation of the
GA's relatively low local convergence efficiency when optimizing BP neural networks,
we further introduced the ant colony optimization algorithm (ACO). The GA-ACO-BP
model not only improves the accuracy and real-time nature of tourist flow predictions in
scenic areas but also provides scientific decision-making support for optimizing scenic
area management efficiency, rational resource allocation, and sustainable development of
the tourism industry. At the same time, it provides referenceable ideas and methods for
nonlinear time series prediction research based on intelligent optimization algorithms.
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