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Abstract: This study presents a novel forecasting framework that integrates Genetic Algorithms
(GA) with Long Short-Term Memory (LSTM) networks to enhance the prediction accuracy of
passenger volumes in Thailand’s public transportation systems. The unique contribution of this
research lies in leveraging GA for automatic hyperparameter optimization of LSTM models,
improving performance over conventional methods. The dataset comprises weekly aggregated
passenger counts from road and rail modes between January 2020 and August 2023. The proposed
GA-enhanced LSTM model (LSTM+GA) is evaluated using four metrics: Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and Median
Absolute Percentage Error (MdAPE). Results demonstrate that LSTM+GA outperforms baseline
models including Autoregressive Integrated Moving Average (ARIMA), Facebook Prophet
(FBProphet), and standard LSTM, achieving a MAPE of 4.04 for road and 5.86 for rail datasets.
These findings suggest that the proposed model offers a practical and scalable tool for transport

planners and public agencies seeking to optimize forecasting strategies and decision-making.

Keywords: Forecasting, forecasting passenger numbers, public transportation systems, long short-

term memory, genetic algorithms

1. Introduction

Public transportation has become a vital component in the daily lives of people worldwide, including
Thailand, where continuous efforts have been made to enhance and expand its infrastructure [1]. The
development of an efficient public transport system, incorporating road, water, rail, and air transport,

is key to promoting economic growth and improving social connectivity. Accurate ridership
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forecasting is critical for optimizing public transport operations, reducing costs, and improving
passenger satisfaction. It also facilitates better long-term structural planning to meet future demands.

Despite the advancements in time-series forecasting, each method possesses inherent limitations.
Traditional statistical models like Autoregressive Integrated Moving Average (ARIMA), while
effective for linear and stationary data, often fail to capture complex temporal dependencies and
nonlinear patterns prevalent in public transport data. Similarly, models like Facebook Prophet
(FBProphet), though robust in handling seasonality and holidays, rely on additive regressions that
may not sufficiently model long-term dependencies. Deep learning models, particularly Long Short-
Term Memory (LSTM), have shown superior capabilities in learning temporal dynamics but are
sensitive to hyperparameter selection, which can significantly affect performance. To address these
gaps, recent studies have proposed hybrid models that combine optimization techniques such as
Genetic Algorithms (GA) with neural networks to automate hyperparameter tuning and improve
forecasting accuracy [2-5]. This study builds upon such hybridization efforts and seeks to enhance
model robustness and generalizability within the context of Thailand’s dynamic transportation
environment.

This study proposes a novel approach that integrates LSTM networks with GA for public
transport ridership forecasting. By combining the time-series processing strength of LSTM with the
optimization capabilities of GA, a model is developed to outperform existing methods. To evaluate
its effectiveness, we compare it with three established models: FBProphet, ARIMA, and traditional
LSTM. FBProphet is known for handling seasonal data effectively, ARIMA offers a robust statistical
framework, and LSTM provides deep learning benefits. The results of our study indicate that the
LSTM+GA model significantly improves forecasting accuracy and reliability, outperforming the
other methods. Several studies have explored similar approaches to forecasting in various fields. For
example, Shobhit Chaturvedi et al. [6] compared SARIMA, LSTM, FBProphet, and trend-based
models for forecasting energy demand in India, concluding that FBProphet was the most effective
model. Gopi Battineni and Nalini Chintalapudi [7] used FBProphet to predict COVID-19 infections
in multiple countries, highlighting its predictive accuracy despite some limitations. Additionally,
Fanoon Raheem and Nihla Igbal [8] applied FBProphet to predict currency exchange rates,
demonstrating the model’s robustness.

Furthermore, advanced forecasting techniques have been applied to transportation systems. For
instance, Sergey Khalil et al. [9] utilized a spatiotemporal framework combining CNN and LSTM
models to forecast public transport ridership, while Halyal et al. [10] compared LSTM and SARIMA
models for forecasting bus passenger demand using APC data, finding that LSTM outperformed
SARIMA. Additionally, Dan Yang et al. [11] developed an enhanced LSTM model that improved

urban rail transit predictions. These studies reinforce the potential of integrating deep learning models
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with optimization algorithms to achieve more accurate and efficient forecasting outcomes in public
transport systems. By integrating LSTM and GA, our research aims to contribute to the growing body
of knowledge on improving public transport ridership forecasting, leveraging state-of-the-art

techniques for enhanced accuracy and operational efficiency.

2. Methodology

Figure 1 illustrates the conceptual methodology framework guiding this research, outlining the key
stages of data processing, model development, and evaluation. The framework begins with data
sourcing from statistical information on the transportation network, covering the period from January
2020 to August 2023. [12] This is followed by a data preprocessing step where daily data is
aggregated and resampled on a weekly basis to prepare it for analysis. Next, the dataset is divided
into two portions: 85% for training and 15% for testing. Various forecasting models are applied to
the data, including Fbprophet, ARIMA, LSTM, and a combination of LSTM with a GA. The
performance of these models is then evaluated using multiple metrics such as Mean Absolute Error
(MAE), Mean Absolute Percentage Error (MAPE), Median Absolute Percentage Error (MdAPE),
and Root Mean Square Error (RMSE) allowing for conclusions to be drawn on model accuracy and
effectiveness. This structured approach provides a comprehensive overview of how the research is

conducted, from data handling to model validation.

Data source: Statistics information on the transportation network,
January 2020 - August 2023

v

Data preprocessing: The daily data is aggregated into a singular row
and subsequently resampled on a weekly basis.

|
2 v

Training data (85%) Testing data (15%)

v v v v
Fbprophet Arima LSTM LSTM + GA

| | | |
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Evaluation and Conclusion:
MAE, MAPE, MdAPE, RMSE

Fig. 1 Conceptual methodology framework. Source: authors
The entire implementation of this research was conducted in Python 3.9. The LSTM model was
built using the TensorFlow and Keras libraries, while the Genetic Algorithm was implemented using

the DEAP framework. FBProphet and ARIMA models were implemented using the Prophet and
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statsmodels libraries respectively. A simplified pseudocode illustrating the integration of GA with

LSTM is provided in the methodology section.

2.1 Data Source and Preprocessing

The dataset comprises weekly aggregated passenger counts for road and rail transportation in
Thailand, derived from daily records provided by the Ministry of Transport [12] and resampled to
weekly intervals to reduce noise and highlight broader trends. It contains 192 time-indexed
observations per mode from January 2020 to August 2023, representing univariate numerical data
suitable for time-series forecasting. Descriptive statistics (Table 1) indicate slightly higher average
weekly passengers for road (874,069) compared to rail (854,068), while rail exhibits greater
variability (std = 358,562 vs. 292,170). Passenger volumes range from approximately 300,000 to 1.66
million for road and 187,000 to 1.62 million for rail, reflecting notable fluctuations throughout the

study period.

Table 1 Statistics of passenger numbers resampled weekly. Source [12].

Road Rail

count 192.00 192.00
mean 874,068.65 854,067.50
std 292,169.98 358,562.03
min 300,118.71 187,378.14
25% 646,698.50 583,587.46
50% 936,495.00 895,746.71
75% 1,063,281.46 1,156,074.07
max 1,661,955.00 1,619,166.00

2.2 Forecasting Models
FBProphet, developed by Facebook's data science team in 2018 [13], is a fast, scalable forecasting
tool used for various applications like weather and e-commerce forecasting. It decomposes time series
data into trend, seasonality, and noise components, enabling accurate forecasts. Its analyst-in-the-
loop approach combines human expertise with automation for effective large-scale forecasting.

The ARIMA Model [14-16] reduces "Noise" in time series data to improve forecasting accuracy.
Its components—autoregression, integration, and moving averaging—work together to capture
essential patterns and trends. The model is represented as ARIMA (p, d, q), where each parameter
reflects a specific aspect of the model's structure. In the ARIMA model, p represents the number of
lag observations (Auto-Regressive part), d is the degree of differencing required to make the series
stationary (Integrated part), and q is the order of the moving average, which models the forecast error
as a combination of past errors (Moving Average part).

The general formula for an ARIMA model can be written as:
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Yi=c+ 01V g+ OV o+ +DpYi p+ 01 €1t Oy € gt + Dy € g+€ [-] (1)

where: Y} is the differenced series, obtained after differencing the original series d times to achieve
stationarity [Passengers]; ¢ is constant term (intercept) [Passengers]; @4, @; ... @, are the coefficients
of the autoregressive terms [-]; 84, 0 ... 8,, are the coefficients of the moving average terms [-]; €,
is represents white noise error terms [Passengers]. p is autoregressive order (number of lagged
observations) [Weeks]; d is degree of differencing (number of differencing operations applied to the
series) [Weeks]; q is moving average order (number of lagged forecast errors) [Weeks].

LSTM networks [17-19], a variant of Recurrent Neural Networks (RNNs), are designed to
capture long-term dependencies, making them highly effective for sequential prediction tasks. Unlike
traditional RNNs, which struggle with long-range dependencies and the vanishing gradient problem,
LSTMs use gating mechanisms to retain relevant information over extended sequences. During
predictions, the output is fed back into the model to predict the next value, with activation functions
helping to normalize values and reduce errors like gradient explosions.

In this study, a GA is applied to the hyperparameter optimization of LSTM neural network
models [20—24] designed for time series forecasting. The collaborative process between LSTM and
GA is summarized in the following pseudocode (Table 2), which is presented here to clearly illustrate
the proposed methodology.

Table 2 summarizes the GA operations used to tune LSTM hyperparameters. Source: authors.

Pseudocode: GA to optimize the number of neurons in the LSTM layer and the learning rate.
Input: Training dataset, Testing dataset
Output: Final GA-optimized LSTM model
1: SETUP Genetic Algorithm
1.1 DEFINE fitness function and individual structure.
1.2 CREATE a toolbox for genetic operators.
2: FUNCTION evaluates individual
2.1 EXTRACT hyperparameters from individual
2.2 CREATE LSTM with specified number of neurons.
2.3 COMPILE model loss and adam optimizer
2.4 TRAIN model
2.5 EVALUATE model and RETURN loss as fitness.
3: REGISTER evaluation function to GA toolbox
4: RUN Genetic Algorithm
4.1 INITIALIZE a population with a predefined number
of individuals.
4.2 SET the number of generations for the evolution.
4.3 RUN the genetic algorithm using population, toolbox,
and defined probabilities for crossover and mutation.
5: ASSEMBLE and TRAIN final LSTM model using best hyperparameters found by GA

To optimize LSTM hyperparameters, GA was applied to search for the best combination of

neuron count (10-100) and learning rate (0.001-0.1). A population of 10 individuals evolved over 5
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generations, with everyone evaluated by training an LSTM on 85% of the data and measuring MAE
on the 15% test set. The process used two-point crossover (0.5), Gaussian mutation (0.2), and
tournament selection (size = 3). The best-performing individual was selected to retrain the final

LSTM model.

2.3 Evaluation

MAE [10,25] is a metric used to measure the accuracy of predictive models, particularly in regression.
It calculates the average of the absolute differences between predicted and actual values.
Mathematically, it is expressed as:

1 ~
MAE == ¥ |y; — 5. [Passengers] @

where: n is the number of observations [-]; y; is the actual observed value [Passengers]; ¥, is the
forecasted or predicted value [Passengers]; |y; — %] is the absolute error for each observation
[Passengers].

Root Mean Square Error (RMSE) [6,10,25] is a common metric for measuring prediction errors
in forecasting and regression. It calculates the square root of the average squared differences between

predicted and actual values. The formula for RMSE is:

RMSE = \/% i (vi —¥)?% , [Passengers] 3)

where: n is the number of observations [-]; y; is the actual observed value [Passengers]; ¥, is the
forecasted or predicted value [Passengers];.

MAPE [6] constitutes a statistical metric extensively utilized for evaluating the precision of
forecast models. By quantifying accuracy in terms of a percentage, MAPE facilitates straightforward

interpretation and is especially beneficial for comparative analyses of diverse forecasting models

across varying scales of data. The formula for calculating MAPE is:
100% <n |yi- i

MAPE = 222 ¥, [ | 1o (4)

where: n is the number of observations [-]; y; is the actual observed value [Passengers]; ¥, is the
forecasted or predicted value [Passengers].

MAPE calculates the absolute difference between the actual and forecasted values, divided by
the actual value, for each data point. This result is then averaged over all data points and multiplied
by 100 to express it as a percentage.

MAJAPE [26], used in forecasting and regression, is similar to MAPE but calculates the median
of absolute percentage errors. This makes MAAPE more robust against outliers and skewed data. The

formula for MdAPE is:

MAAPE = median (|yyi| X 100%). [%] (5)
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where: y; is the actual observed value [Passengers]; ¥, is the forecasted or predicted value
[Passengers].
MJAPE is particularly useful in situations where the data contains outliers or is not

symmetrically distributed, as it provides a more representative measure of the typical error rate. By
focusing on the median, MdAPE offers a more robust measure of central tendency in the error

distribution.

3. Results and Discussion

This section presents the results of the data analysis and the comparative evaluation of forecasting
models, followed by a discussion of their implications. First, descriptive statistics of the passenger
datasets are summarized. Then, the performance of each forecasting model (FBProphet, ARIMA,
LSTM, and LSTM+GA) is evaluated using MAE, RMSE, MAPE, and MdAPE. Finally, the findings
are discussed in relation to previous studies and their practical relevance for public transportation
planning in Thailand.

This research elucidates the application of GA in conjunction with LSTM networks for
forecasting public passenger numbers. The study involves comparative analysis with other
forecasting models, specifically FBProphet, ARIMA, and LSTM [6,9,27] The performance
evaluation of each model is conducted using statistical measures such as MAE, RMSE, MAPE, and
MAJAPE. The outcomes of the road and rail passenger forecast experiment are systematically

presented in Table 3. The computed values of MAE and RMSE are scaled by a factor of 10° in this

analysis.
Table 3 Comparison results of models of passenger Source: authors.
Model Road Rail
°7¢®  "MAE _RMSE MAPE MJAPE | MAE __RMSE _MAPE MdAPE
FBProphet 1.41E5 .72ES  13.34  9.87 0.72E5 0.91E5 1443 13.24
ARIMA 1.I9ES  30E5 1045 12.13 1.33E5S  1.60ES 11.12 9.54
LSTM 0.70E5 98E5 5.73 3.59 091E5 1.15E5 17.16 5.95

LSTM + GA 0.44ES 0.64ES 4.04 2.31 0.71ES 1.01E5 5.86 4.85

The model proposed in this study, which utilizes GA for optimizing the hyperparameters of
LSTM networks, demonstrated superior performance in forecasting road passenger numbers
compared to other models. This enhanced performance is evidenced by the following evaluation
metrics: a MAE of 0.44E5, a RMSE of 0.64E5, a MAPE of 4.04, and a MdAPE of 2.31.

Similarly, the performance evaluation for rail passenger forecasting using the proposed model
also surpasses that of other models. The results demonstrate superior efficacy, as indicated by a MAE
of 0.71ES5, a MAPE of 5.86, and a MdAPE of 4.85. However, it is noteworthy that the RMSE value
of the FBProphet model marginally outperforms the proposed model, at 0.91E5. The superior

performance of the FBProphet model in this context is attributable to its proficiency in handling
19



datasets that demonstrate pronounced seasonal effects [6,13]. This is particularly relevant in the case
of the rail passenger dataset, which exhibits greater variability compared to the road passenger
dataset. This variance is further elucidated upon examining the standard deviation of the seasonal
components, underscoring the differing characteristics of these datasets and the suitability of the

FBProphet model for such analyses.
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Fig. 2 Actual data with predictive outcomes (Road passenger numbers). Source: authors.
Figure 2 shows that the LSTM+GA model accurately predicts road passenger volumes, with

forecasts closely matching actual data over time.
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Fig. 3 Actual data with predictive outcomes (Rail passenger numbers). Source: authors.
Figure 3 shows that the model effectively forecasts rail passenger volumes, with predicted values

closely matching actual data
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Fig. 4 Comparison of Road and Rail of MAPE. Source: authors.

Figure 4 compares MAPE values of the proposed LSTM+GA model with other models using
road and rail passenger data, showing the LSTM+GA model's superior performance.

Analyzing passenger behavior during the COVID-19 pandemic presents a complex and
challenging endeavor due to the unprecedented impact on travel patterns and mobility choices
[27,28]. This complexity is further reflected in recent studies that explore the integration of
optimization algorithms with artificial neural networks to better understand and predict such
behaviors. The use of GA has been particularly prevalent in enhancing the performance of LSTM
networks [6,9]. Prior research has demonstrated the effectiveness of GA in improving the efficiency
of LSTM models [20,21,24], and our empirical findings align with this perspective, showing that the
application of GA-optimized LSTM models yields superior outcomes compared to conventional
LSTM approaches.

In our research, the LSTM enhanced with GA evidenced a significant improvement in
performance metrics. For the road dataset, the MAPE was recorded at 4.04 for the LSTM+GA model,
in contrast to a MAPE of 5.73 for the traditional LSTM. Similarly, for the rail dataset, the LSTM+GA
model achieved a MAPE of 5.86, while the traditional LSTM registered a MAPE of 7.16. These
results align with previous studies, affirming the assertion that the implementation of GA markedly
improves the results of LSTM models. Such findings underscore the efficacy of GA in fine-tuning
the predictive accuracy of LSTM networks, thereby reinforcing the value of this approach in
forecasting endeavors.

Although the results demonstrate improved forecasting performance, statistical significance tests
(e.g., paired t-test or Wilcoxon signed-rank test) were not conducted in this study. Future research

should incorporate such tests to confirm whether the improvements are statistically significant.
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4. Conclusions

In this study, the forecasting of passenger numbers was investigated within Thailand's public
transportation networks, focusing on road and rail modes. The dataset spans from January 2020 to
August 2023, and a methodology was introduced that utilizes a Genetic Algorithm (GA) to optimize
the hyperparameters of an LSTM network. The proposed LSTM+GA model was compared against
FBProphet, ARIMA, and traditional LSTM using metrics such as MAE, RMSE, MAPE, and MdAPE.
Experimental results indicated that our approach outperformed the baseline models in terms of
forecasting accuracy.

The findings offer practical value for transportation agencies in Thailand, particularly in planning
vehicle allocation and service scheduling. The model’s ability to anticipate passenger demand with
high accuracy can support more efficient decision-making during peak seasons or holidays. However,
the dataset used includes only weekly aggregated counts and lacks contextual variables such as
holidays, weather conditions, or policy interventions, which may further improve forecasting
accuracy and generalizability. Thus, the transferability of the model should be explored further
through additional experiments. Future research should consider expanding the input features with
multivariate data and testing the model across different geographical areas or transportation systems.
Investigating advanced hybrid models such as attention-based LSTM or Transformer networks could

also further enhance forecasting robustness and adaptability in dynamic environments.

Acknowledgments

This research project was supported by Kalasin University.

References

[1] Office of Transport and Traffic Policy and Planning. (2019). Strategic plan for developing
Thailand's transportation system for a period of 20 years. Ministry of Transport. Retrieved
January 30, 2024, from https://www.otp.go.th/uploads/tiny uploads/PDF/2563-06/25630603-
StrategicPlan20yEditJan62.pdf

[2] Ahmad, L.S., Suharsono, A. & Pusporini, E. (2019). Prediction of the number of passengers at
Yogyakarta airport. International Journal of Computing Science and Applied Mathematics 5(2),
66-69. DOI: 10.12962/j24775401.v512.5906.

[3] Chuwang, D.D. & Chen, W. (2022). Forecasting daily and weekly passenger demand for urban
rail transit stations based on a time series model approach. Forecasting 4(4), 904-924.
DOI: 10.3390/forecast4040049.

[4] Sigalingging, F.L., Irsan, M.Y. & Sesa, J. (2022). Forecasting the number of train passenger in
Sumatra using ARIMA models. In Proceeding of The Symposium on Data Science (SDS) (2,
pp- 8-13). Retrieved June 22, 2024, from http://e-journal.president.ac.id/Presunivojs

22



[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

Widiyaningtyas, T. & Qonita, A. (2019). Use of ARIMA method to predict the number of train
passengers in Malang City. In 2019 International Conference of Artificial Intelligence and
Information Technology (ICAIIT), 13-15 March 2019 (pp. 359-364). IEEE.
DOI: 10.1109/ICAIIT.2019.8834663.

Chaturvedi, S., Rajasekar, E., Natarajan, S. & McCullen, N. (2022). A comparative assessment
of SARIMA, LSTM RNN and Fb Prophet models to forecast total and peak monthly energy
demand for India. Energy Policy 168, 113097. DOI: 10.1016/j.enpol.2022.113097.

Battineni, G., Chintalapudi, N. & Amenta, F. (2020). Forecasting of COVID-19 epidemic size
in four high hitting nations (USA, Brazil, India and Russia) by Fb-Prophet machine learning
model. Applied Computing and Informatics. DOI: 10.1108/ACI-09-2020-0059.

Raheem, F. & Igbal, N. (2021). Forecasting foreign exchange rate: Use of FbProphet. In 2021
International Research Conference on Smart Computing and Systems Engineering (SCSE),
16 September 2021 (pp. 44-48). IEEE. DOI: 10.1109/SCSE53661.2021.9568284.

Khalil, S., Amrit, C., Koch, T. & Dugundji, E. (2021). Forecasting public transport ridership:
Management of information systems using CNN and LSTM architectures. Procedia Computer
Science 184, 283-290. DOI: 10.1016/j.procs.2021.03.037.

Halyal, S., Mulangi, R.H. & Harsha, M. (2022). Forecasting public transit passenger demand:
With neural networks using APC data. Case Studies on Transport Policy 10(2), 965-975.
DOI: 10.1016/j.cstp.2022.03.003.

Yang, D., Chen, K., Yang, M. & Zhao, X. (2019). Urban rail transit passenger flow forecast
based on LSTM with enhanced long-term features. IET Intelligent Transport Systems 13(10),
1475-1482. DOI: 10.1049/iet-its.2018.5511.

Ministry of Transport. (2023). People's travel information during the COVID-19 situation: The
frequency of information is daily. Retrieved September 10, 2023, from
https://datagov.mot.go.th/dataset/covid-19/resource/71a552d0-0fea-4e05-b78c-42d58aa88db6

Taylor, S.J. & Letham, B. (2018). Forecasting at scale. The American Statistician 72(1), 37-45.
DOI: 10.1080/00031305.2017.1380080.

Piccolo, D. (1990). A distance measure for classifying ARIMA models. Journal of Time Series
Analysis 11(2), 153-164. DOI: 10.1111/5.1467-9892.1990.tb00048.x.

Shumway, R.H. & Stoffer, D.S. (2017). Time series analysis and its applications: With R
examples. Springer.

Benvenuto, D., Giovanetti, M., Vassallo, L., Angeletti, S. & Ciccozzi, M. (2020). Application
of the ARIMA model on the COVID-2019 epidemic dataset. Data in Brief 29, 105340.
DOI: 10.1016/5.dib.2020.105340.

Hochreiter, S. & Schmidhuber, J. (1997). Long short-term memory. Neural Computation 9(8),
1735-1780. DOI: 10.1162/nec0.1997.9.8.1735.

Ouyang, Q., Lv, Y., Ma, J. & Li, J. (2020). An LSTM-based method considering history and
real-time data for passenger flow prediction. Applied Sciences 10(11), 3788.
DOI: 10.3390/app10113788.

23



[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

Zhang, J., Chen, F. & Shen, Q. (2019). Cluster-based LSTM network for short-term passenger
flow forecasting in wurban rail transit. IEEE Access 7, 147653-147671.
DOI: 10.1109/ACCESS.2019.2941987.

Gorgolis, N., Hatzilygeroudis, I., Istenes, Z. & Gyenne, L.G. (2019). Hyperparameter
optimization of LSTM network models through genetic algorithm. In 2019 10th International
Conference on Information, Intelligence, Systems and Applications (IISA), 15-17 July 2019
(pp- 1-4). IEEE. DOI: 10.1109/1ISA.2019.8900675.

Shahid, F., Zameer, A. & Muneeb, M. (2021). A novel genetic LSTM model for wind power
forecast. Energy 223, 120069. DOI: 10.1016/j.energy.2021.120069.

Tang, J., Zeng, J., Wang, Y., Yuan, H., Liu, F. & Huang, H. (2021). Traffic flow prediction on
urban road network based on license plate recognition data: Combining attention-LSTM with
genetic  algorithm. Transportmetrica A: Transport Science 17(4), 1217-1243.
DOI: 10.1080/23249935.2020.1845250.

Kara, A. (2021). Multi-step influenza outbreak forecasting using deep LSTM network and
genetic algorithm. Expert Systems with Applications 180, 115153.
DOI: 10.1016/j.eswa.2021.115153.

Chui, K.T., Gupta, B.B. & Vasant, P. (2021). A genetic algorithm optimized RNN-LSTM
model for remaining useful life prediction of turbofan engine. Electronics 10(3), 285.
DOI: 10.3390/electronics10030285.

Willmott, C.J. & Matsuura, K. (2005). Advantages of the mean absolute error (MAE) over the
root mean square error (RMSE) in assessing average model performance. Climate Research
30(1), 79-82. DOI: 10.3354/cr030079.

Varvel, J.R., Donoho, D.L. & Shafer, S.L. (1992). Measuring the predictive performance of
computer-controlled infusion pumps. Journal of Pharmacokinetics and Biopharmaceutics 20,
63-94. DOI: 10.1007/BF01143186.

Khumla, P., Sarawan, K., Polpinij, J., Gonwirat, S., Chantima, P. & Sommool, W. (2024, June).
Analyzing Machine Learning Techniques for Air Passenger Numbers Forecasting. In 2024 21
International Joint Conference on Computer Science and Software Engineering (JCSSE) (pp.
107-112). IEEE. DOI: 10.1109/JCSSE61278.2024.10613714.

Stefancovd, V., Harantova, V., Mazanec, J., Masek, J. & Foltynova, H.B. (2023). Analysis of
Passenger Behaviour During the Covid-19 Pandemic Situation. LOGI-Scientific Journal on
Transport and Logistics 14(1), 203-214. DOI: 10.2478/logi-2023-0019.

24



