
Received: 29-01-2026 | Revised: 11-02-2026 | Published: 24-02-2026 
25 

 
 

Published online on the journal's webpage: http://journals.telkomuniversity.ac.id/index.php/dinda 

 Journal of Dinda 
Data Science, Information Technology, and Data Analytics  

           Vol. 6 No. 1 (2026) 25 - 34                                            E-ISSN: 2809-8064                
 

Comparative Analysis of Deep Learning Models for Forecasting 
Visitors at Mount Rinjani 

Zalikha Syahlarani Fathina Ahmad1*, Putriaji Hendikawati2  
1* Department of Mathematics, Faculty of Mathematics and Natural Sciences, Universitas Negeri Semarang 
2 Department of Mathematics, Faculty of Mathematics and Natural Sciences, Universitas Negeri Semarang 

1*zalikhasyahlarani@students.unnes.ac.id, 2putriaji.mat@mail.unnes.ac.id  

Abstract  

This study benchmarked five neural architectures (RNN, LSTM, FFNN, CNN, ANFIS) and two classical baselines 
(S-Naive, SARIMA) for forecasting daily visitor arrivals at Mount Rinjani National Park under operational 
constraints characteristic of regulated protected areas. Using 1,650 observations from January 2021 to July 2025, 
the dataset comprised 1,223 operational days averaging 150 visitors and 427 closures representing 25.9% of 
observations. Eight features were engineered following causal principles, including temporal indicators, lag 
variables, and rolling statistics. Hyperparameter optimization employed TimeSeriesSplit cross-validation with 
sMAPE as primary criterion, followed by 75:25 temporal seperate evaluation under dual scenarios, operational 
days only and combined operational-closure days. LSTM achieved superior performance with 9.73% operational 
MAPE, 11.45% combined sMAPE, MAE of 42.42 visitors, and RMSE of 72.51 visitors, substantially 
outperforming FFNN at 12.05% and 13.18%, RNN at 14.55% and 16.92%, CNN at 18.12% and 20.87%, S-Naive 
at 42.39% and 35.58%, SARIMA at 98.56% and 68.33%, and ANFIS at 33.78% and 38.92% for operational and 
combined scenarios respectively. Optimal configuration employed 64 units, 0.001 learning rate, 30-day lookback, 
and 0.2 dropout. SARIMA's catastrophic failure with 46.22 percentage point training-testing gap confirms classical 
methods' fundamental unsuitability for structural zeros. Findings establish LSTM's dual-task capability for 
continuous demand forecasting and operational state classification, enabling proactive visitor management 
supporting conservation objectives. 
Keywords: tourism forecasting, neural networks, time series, grid search 
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1. Introduction  

Tourism contributes 4.01 percent to GDP and employs 
25.01 million workers in Indonesia as of 2024 [1]. 
Ecotourism has emerged as a strategic sub-sector that 
promotes conservation while enhancing local 
community welfare [2]. Mount Rinjani National Park 
(MRNP) recorded 189,091 visitors in 2024 [3], 
necessitating accurate demand forecasting for optimal 
management [4]. However, tourist arrival data exhibits 
non-linear, seasonal, and highly volatile patterns due to 
weather conditions and conservation policies. Classical 
baseline models such as Seasonal Naive and SARIMA 
have limitations in handling the complexity of these 
patterns [5], leading to uncertainty in operational 
planning. 

Recent advances in neural and hybrid intelligence have 
demonstrated superior capability in capturing complex 
temporal patterns and non-linear relationships in tourism 

demand forecasting. Long Short-Term Memory (LSTM) 
networks address vanishing gradient problems through 
gating mechanisms, providing more stable predictions 
compared to traditional statistical models [6], [7], [8]. 
Recurrent Neural Networks (RNN) effectively capture 
long-term dependencies [9], while Feedforward Neural 
Networks (FFNN) achieve MAPE ranging from 7.9% to 
9.2% across various tourism contexts [10], [11]. 
Convolutional Neural Networks (CNN) have 
demonstrated competitive or superior performance 
compared to traditional methods [12], and Adaptive 
Neuro-Fuzzy Inference Systems (ANFIS) prove 
effective for handling high-dimensional datasets [13], 
[14]. 

While recent advances demonstrate LSTM's 
effectiveness for tourism forecasting emerging 
architectures including transformer-based models and 
gradient boosting methods such as XGBoost have shown 
promise in other time series domains [23]. However, 
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these approaches typically require larger datasets and 
may not suit the dual-task forecasting challenge posed 
by ecotourism systems with structural operational 
constraints. This study focuses on established neural 
architectures suitable for limited-sample scenarios 
characteristic of national park contexts. 

Robust hyperparameter optimization requires time 
series-specific validation strategies to prevent temporal 
leakage. TimeSeriesSplit cross-validation with 
expanding windows maintains chronological ordering 
where validation sets strictly follow training sets 
temporally, ensuring that future information never leaks 
into model selection [15]. Feature engineering must be 
performed causally, using only information available at 
prediction time such as calendar features, lag variables, 
and rolling statistics calculated from historical data [16], 
[17]. Despite these advances, comprehensive 
comparative studies evaluating multiple deep learning 
architectures simultaneously remain limited in tourism 
forecasting literature, particularly for national park 
ecotourism with seasonal restrictions, capacity 
constraints, and irregular closures that violate classical 
time series assumptions [18]. 

This research addresses these gaps through three key 
contributions. It provides systematic comparison of four 
neural networks and one hybrid intelligence system 
(RNN, LSTM, FFNN, CNN, and ANFIS) alongside two 
classical baselines (Seasonal Naive and SARIMA) for 
national park ecotourism forecasting with structural 
operational constraints, hyperparameter optimization for 
deep learning models employs TimeSeriesSplit cross-
validation to prevent temporal leakage, while classical 
baselines follow standard statistical practices, Seasonal 
Naive requires no tuning, and SARIMA parameters are 
optimized using auto ARIMA with AIC minimization, 
also, it employs a dual evaluation framework that 
assesses performance separately on operational days 
only and combined operational-closure scenarios. 

This study aims to forecast realized visitor arrivals at 
MRNP, focusing on actual daily visitor counts rather 
than potential demand. Closure periods are encoded as 
zero to reflect operational reality. Performance is 
assessed using RMSE, MAE, MAPE, and sMAPE [19], 
[20], with evaluation in two scenarios, operational days 
only to measure visitor volume prediction accuracy, and 
combined of both operational and non-operational days 
to assess capability in handling binary operational status 
alongside volume forecasting. Findings are expected to 
provide practical contributions for MRNP management 
and academic contributions for deep learning-based 
tourism forecasting in ecotourism contexts with 
structural operational constraints. 

2. Research Methods 

The research follows a structured workflow comprising 
data collection, feature engineering, temporal data 
splitting (75:25 train-test ratio), RobustScaler 
normalization, and grid search with TimeSeriesSplit 
cross-validation. The study evaluates five neural and 
hybrid intelligence models (RNN, CNN, FFNN, LSTM, 
and ANFIS) alongside two classical baselines (Seasonal 
Naive and SARIMA). Hyperparameter tuning uses 
MAPE and sMAPE as the primary criterion [15]. All 
features are calculated using only historical data to 
prevent temporal leakage. MAPE is calculated 
exclusively on operational days as it is undefined when 
actual values equal zero during closures, while sMAPE 
handles zero values symmetrically for combined-
scenario evaluation. The complete methodology is 
illustrated in Figure 1. 

 
 Figure 1.  Research Procedures 

2.1. Data Source 

This study uses daily visitor data from Mount Rinjani 
National Park (MRNP) for the period January 1, 2021 to 
July 8, 2025, obtained from the official park website 
(https://www.rinjaninationalpark.id/grafik). The dataset 
contains 1,650 daily observations, comprising 1,223 
operational days (when the park was open to visitors) 
and 427 closure days (including regular weekly closures, 
maintenance periods, and weather-related closures). 
MRNP is a conservation area covering 41,330 ha in 

https://www.rinjaninationalpark.id/grafik
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Lombok, West Nusa Tenggara, offering various tourist 
attractions such as mountain climbing, hot springs, and 
waterfalls. 

2.2. Variables and Feature Engineering 

The dependent variable in this study is the daily number 
of visitors (𝑦!) to MRNP. Following exploratory data 
analysis, feature engineering was performed to generate 
eight input features adhering to parsimony principles, 
where redundant or highly correlated features were 
eliminated to reduce dimensionality and prevent 
overfitting [16], [17]. Table 1 presents the constructed 
features. 

Table 1. Constructed Features 

No. Feature Type Description 

1 Operational Binary Operational status 
(1=open, 0=closed) 

2 Day of The 
Week Ordinal 

Day of the week 
(Monday=0 - 
Sunday=6) 

3 Weekend Binary Weekend indicator 

4 High season Binary High season period 
(0=Jun - Aug) 

5 Lag 1 Continuous Number of visitors 1 
day before 

6 Lag 7 Continuous Number of visitors 7 
days before 

7 Rolling Mean Continuous 7 days moving average 

8 Average Continuous Historical average per 
day 

 
Features 1-4 are temporal features capturing calendar 
and seasonal patterns [4]. Features 5-7 are lag-based and 
rolling statistics functioning as autoregressive 
components [17], [21], while Feature 8 captures 
systematic day-of-week effects [22]. 

𝐿𝑎𝑔"(𝑡) = 𝑦!#",							𝐿𝑎𝑔$(𝑡) = 𝑦!#$ (1) 

Lag 1 (𝑦!#") captures short-term persistence from the 
previous day, while Lag 7 (𝑦!#$) captures weekly 
seasonal patterns commonly observed in tourism 
demand [17]. 

𝑅𝑜𝑙𝑙𝑖𝑛𝑔	𝑀𝑒𝑎𝑛$(𝑡) =
1
74𝑦! − 𝑖

$

%&"

(2) 

The 7-day rolling mean averages visitor counts from    
𝑡 − 7 to 𝑡 − 1 (explicitly excluding day 𝑡) to smooth 
daily fluctuations while representing local trends [23]. 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒'(𝑡) =
1
𝑁'

4 𝑦(
()*'

(3) 

The Average feature was calculated exclusively from the 
training set (January 2021 - April 2024) as the historical 
mean for each day of the week and held fixed during 
testing, preventing any test period information from 
influencing feature values. This ensures that when 
predicting May 2024 onwards, the model uses only 

historical day-of-week patterns available prior to the test 
period, maintaining strict temporal causality [22]. 

All features were computed causally using only 
information available prior to time 𝑡. Lag and rolling 
features used only past observations up to 𝑡 − 1. The 
Average feature was calculated exclusively from the 
training set as the historical mean for each day of the 
week and held fixed during testing, preventing any test 
period information from influencing feature values. 
During hyperparameter tuning, rolling features were 
recomputed within each TimeSeriesSplit fold to ensure 
out-of-sample validity [17]. 

2.3. Data Preprocessing 

The preprocessing stage includes data cleaning, missing 
value handling, and normalization. Missing values 
arising from lag and rolling window calculations at the 
dataset start were removed because first 7 days lack 
complete historical context for 7-day features, resulting 
in 1,643 usable observations. Non-operational days due 
to ecotourism closures were coded as zero visitors to 
preserve the binary operational state structure critical for 
realistic forecasting evaluation. Normalization was 
performed using RobustScaler, which is resistant to 
outliers through quartile-based transformation: 

𝑦+,-./' =
𝑦 − 𝑄1(𝑦)

𝑄3(𝑦) − 𝑄1(𝑦)
(4) 

where 𝑄"(𝑦) and 𝑄0(𝑦) are the first and third quartiles 
of the dataset. was fitted exclusively on the training set 
and then apointlied to the test set to prevent data leakage. 
The data was split temporally with May 2024 as the 
cutoff point, resulting in 1,237 training samples (75%) 
and 413 test samples (25%). Temporal ordering was 
strictly preserved throughout all preprocessing and 
modeling stages to maintain chronological integrity 
[10]. 

2.4. Recurrent Neural Network (RNN) 

RNN has a memory feature that allows output to be 
influenced by previous inputs through hidden states, 
making it suitable for sequential data such as time series. 
However, its main weakness is the problem of 
exponentially growing or decaying gradients in long 
sequences, which hinders the ability to capture long-
range correlations [24]. The RNN architecture is defined 
in Formula (5). 

ℎ! = tanh(𝑊11ℎ!#" +𝑊21𝑥! + 𝑏1) (5) 

where ℎ!  is the hidden state at time 𝑡, 𝑥! is the input, 𝑊 
are weight matrices, and 𝑏 are bias vectors. 

2.5. Convolutional Neural Network (CNN) 

CNN extracts local patterns through convolution 
operations with architecture including input layer, 
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convolutional layer, pooling layer, flatten layer, and 
fully connected layer [24], [25]. This model excels in 
local pattern extraction with faster training compared to 
RNN or LSTM, but is less effective in capturing long-
term dependencies [26]. The 1D convolution operation 
for time series can be expressed in Formula (6). 

𝑦% = 4𝑊3 ∙ 𝑋%43 + 𝑏
5#"

3&6

	 (6) 

where 𝑤3 are kernel weights with size 𝐾, 𝑥% is the input 
sequence, and 𝑏 is the bias. 

2.6. Feed-Forward Neural Network (FFNN) 

FFNN is an Artificial Neural Network with 
unidirectional information flow trained through 
backpropagation and gradient descent. This model is 
stable for simple non-linear relationships but lacks 
memory, making it less effective for time series data 
with temporal dependencies [26]. The output layer 
computation as follows on Formula (7) 

𝑦% = 𝑓(𝑊7 ∙ 𝑓(𝑊" ∙ 𝑥 + 𝑏") + 𝑏7	 (7) 

where 𝑓 is the activation function (ReLU, sigmoid, or 
tanh), 𝑊", 𝑊7 are weight matrices, and 𝑏", 𝑏7 are bias 
vectors. 

2.7. Long-Short Term Memory (LSTM) 

LSTM is a development of RNN that overcomes the 
vanishing gradient problem through three gate 
mechanisms (forget, input, output) to regulate 
information flow [16]. This model can capture long-term 
dependencies and complex non-linear relationships in 
time series data [10]. The architecture consists of two 
LSTM layers, dropout layer, and dense layer.  

 

Figure 2.  LSTM Structure 

2.8. Adaptive Neuro Fuzzy Inference System (ANFIS) 

ANFIS combines neural networks and fuzzy logic with 
Least Squares Estimator (LSE) and Error 
Backpropagation (EBP) learning. This model excels for 

complex and non-linear patterns with parameters: radius 
(0.5), squash factor (1.25), accept ratio (0.5), and reject 
ratio (0.15) [13], [14]. The ANFIS output is computed 
through a five-layer architecture with Formula (8) 

𝑦 = 	4𝑤N%𝑓% =4
𝑤%

∑ 𝑤33
(𝑝%𝑥 + 𝑞%)

%%

	 (8) 

where 𝑤% is the firing strength of the 𝑖-th rule, 𝑤̄! is the 
normalized weight, and 𝑝! , 𝑞! are consequent 
parameters. 

2.9. Classical Baseline Models 

To ensure robust evaluation and contextualize the 
performance of neural and hybrid intelligence models, 
two classical time series baselines were implemented 
following best practices in forecasting evaluation [17], 
[22]. The first baseline is the Seasonal Naive (S-Naive) 
model, where the forecast is defined as:  

𝑦S! = 𝑦!#$	 (9) 

In this apointroach, the prediction for day 𝑡 simply 
equals the actual value from the same day one week 
prior. This simple persistence model serves as a naive 
baseline that captures minimal weekly seasonality 
without parameter estimation. The second baseline is the 
SARIMA (Seasonal ARIMA) model, which follows the 
general form 

𝜙8(𝐵9)𝜙8(𝐵)∇+'∇'𝑌! = 𝜃:(𝐵9)𝜃;(𝐵)𝜖!	 (10) 

where 𝐵 is the backshift operator, 𝑠 = 7 is the weekly 
seasonal period, and ∇+'∇' are differencing operators. 
Model parameters (𝑝, 𝑑, 𝑞) × (𝑃, 𝐷, 𝑄)$	were optimized 
viaauto ARIMA using AIC minimization with search 
bounds 𝑝, 𝑞 ≤ 5 and 𝑃, 𝑄 ≤ 2 [22]. Unlike the neural 
and hybrid intelligence models that employ 
TimeSeriesSplit cross-validation for hyperparameter 
tuning, SARIMA parameters were selected via AIC 
minimization on the training set, representing a standard 
statistical modeling workflow. Together, these baselines 
ensure that neural network performance is evaluated 
against both simple and sophisticated statistical 
methods, following rigorous forecasting standards [17]. 

2.10. Hyperparameter Tuning 

Hyperparameter optimization for neural and hybrid 
intelligence models employed grid search with 
TimeSeriesSplit cross-validation to prevent temporal 
leakage [15]. TimeSeriesSplit maintains chronological 
ordering through expanding windows where each 
validation set follows its training set temporally. The 
1,237-sample training set was partitioned into three 
expanding folds, with each successive fold incorporating 
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more historical data for training while validating on the 
subsequent time period. Hyperparameter tuning was 
conducted on all days to optimize configurations for 
predicting realized visitor arrivals. The configuration 
achieving lowest validation sMAPE was selected as 
optimal. Table 2 presents the hyperparameter search 
spaces. 

Table 2. Hyperparameter Configuration Space 

Model Hyperparameter Search space 
ANFIS Membership Function {2, 3} 

 Learning rate {0.001, 0.01} 
 Batch size {16, 32} 

RNN, LSTM Lookback window {30, 45} 
 Units {32, 64, 128} 
 Dropout rate {0.2, 0.3} 
 Learning rate {0.0001, 0.001, 0.005} 
 Epochs {45, 100} 

CNN Lookback window {30, 45} 
 Units {32, 64} 
 Kernel size {3, 5} 
 Dropout rate {0.2, 0.3} 
 Epochs {45, 100} 

FFNN Lookback window {30, 45} 
 Units {32, 64, 128} 
 Dropout rate {0.2, 0.3} 
 Learning rate {0.001, 0.005} 
 Epochs {45, 100} 

 
Hyperparameter search spaces were defined based on 
established practices in neural time series forecasting 
[15], [23]. Lookback windows (30, 45 days) capture 
monthly and extended seasonal patterns observed in the 
exploratory data analysis. Unit configurations balance 
model capacity with sample size (n=1,237 training 
samples) to prevent overfitting. Learning rates span 
typical ranges for Adam optimizer (0.0001-0.005) where 
values below 0.0001 cause slow convergence while 
values above 0.005 risk instability. Dropout rates (0.2-
0.3) provide regularization without excessive 
information loss. Epoch limits (45-100) accommodate 
varying convergence speeds across architectures. 

For classical baselines, Seasonal Naive requires no 
tuning as it employs a fixed rule-based prediction. 
SARIMA parameters were identified using auto ARIMA 
with AIC minimization on the training set, following 
standard statistical practice without cross-validation 
[22]. This distinction reflects different modeling 
paradigms: deep learning models require extensive 
hyperparameter search with out-of-sample validation, 
while classical statistical models rely on information 
criteria for parsimony. All optimized models were then 
evaluated on the held-out test set (413 days) using 
separate metrics for operational days and combined 
scenarios (operational + non-operational days). 

2.11. Model Evaluation 

Model performance was evaluated using multiple 
complementary metrics to provide a comprehensive 
assessment of forecasting accuracy: Root Mean Square 
Error (RMSE), Mean Absolute Error (MAE), Mean 
Absolute Percentage Error (MAPE), and Symmetric 
Mean Absolute Percentage Error (sMAPE) [23], [26]. 

𝑅𝑀𝑆𝐸 =	d
1
𝑛4

(𝑦! − 𝑦S!)7
	=

!&"
	 (11) 

𝑀𝐴𝐸 =
1
𝑛4

|𝑥% − 𝑥|
=

%&"
	 (12) 

𝑀𝐴𝑃𝐸 =
∑ | 𝑦! − 𝑦S!𝑦!
	=
!&" |

𝑛	 × 100%	 (13) 

𝑠𝑀𝐴𝑃𝐸 =
1
𝑛4

|𝑦! − 𝑦S!|
(|𝑦!| + |𝑦S!|)/2

× 100%
=

!&"

	 (14) 

where 𝑦! is the actual value and 𝑦S! is the predicted value 
at time 𝑡, and 𝑛 is the number of observations. RMSE 
penalizes large errors quadratically, making it sensitive 
to outliers, while MAE provides a linear error measure. 
MAPE expresses accuracy as an interpretable 
percentage with established thresholds: <10% (very 
good), 10-20% (good), 20-50% (fair), >50% (poor) [24]. 

MAPE becomes mathematically undefined when actual 
values equal zero due to division-by-zero. The MRNP 
dataset contains 427 closure days representing 25.9% of 
observations with zero visitors. Therefore, sMAPE was 
used as the primary criterion for hyperparameter 
selection because it remains defined even when actual 
values are zero [20]. MAPE was calculated on 
operational days only to provide interpretable 
percentage-based accuracy. For final evaluation, both 
MAPE (operational days) and sMAPE (all days) were 
reported to assess performance comprehensively. RMSE 
and MAE were calculated across all days as these 
absolute error metrics handle zero observations without 
mathematical issues. 

3.  Results and Discussion 

Figure 3 illustrates MRNP visitor arrivals from January 
2021 to July 2025, revealing high volatility and 
pronounced seasonality. Recurring peaks appear during 
June-August, coinciding with favorable weather and 
holidays periods that jointly create optimal outdoor 
recreation conditions [4]. The 2024-2025 period shows 
exceptional peaks exceeding 1,000 daily visitors versus 
moderate 2021-2022 volatility, suggesting post-
pandemic demand recovery creating both economic 
opportunities and ecological challenges.  
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Figure 3.  MRNP Visitor Time Series Plot 

The dataset contains 1,650 observations, 1,223 represent 
operational days (150 visitors daily average) while 427 
represent closures (25.9%). This structural zero 
proportion fundamentally distinguishes ecotourism from 
conventional tourism. National parks involve binary 
state transitions from conservation mandates, not 
continuous market dynamics. This creates dual 
challenges: predicting operational visitor volumes and 
identifying near-zero closure states. Classical methods 
assuming continuous stochastic processes are 
theoretically misaligned, motivating our dual evaluation 
framework assessing performance on operational days 
only and across all days [27]. 

3.1. Hyperparameter Optimization Results 

Grid  search explored 351 configurations across five 
models. Tables 3-7 present top performers by validation 
MAPE and sMAPE, revealing fundamental architectural 
strengths beyond simple accuracy. 

Table 3. Grid Search Results of RNN Method 

Units Batch 
Size LR Epoch MAPE sMAPE 

[128, 64, 32] 16 0.0001 100 14.69% 17.41% 
[64, 32] 16 0.001 100 14.82% 17.57% 

[128, 64, 32] 16 0.0005 100 21.14% 24.09% 
Note: All best configurations have dropout rate of 0.2 and 30 Lookback 

Table 4. Grid Search Results of CNN Method 

Units Batch 
Size Kernel Epoch MAPE sMAPE 

[64, 32] 32 3 100 17.85% 21.23% 
[32, 64] 32 5 100 21.12% 25.13% 
[64, 32] 32 3 45 22.98% 27.36% 

Note: All best configurations have dropout rate of 0.3 and 30 Lookback 

Table 5. Grid Search Results of FFNN Method 

Units Batch 
Size LR Epoch MAPE sMAPE 

[32, 64] 16 0.001 45 11.94% 14.08% 
[64, 32] 16 0.001 100 12.23% 14.43% 

[32, 64, 128] 32 0.005 45 21.16% 23.99% 
Note: All best configurations have dropout rate of 0.2 and 30 Lookback 

 

 

 

 

Table 6. Grid Search Results of LSTM Method 

Units Batch 
Size LR Epoch MAPE sMAPE 

[64] 16 0.001 30 9.61% 11.30% 
[64, 32] 16 0.001 45 10.28% 12.09% 

[64] 32 0.0001 45 10.47% 12.31% 
Note: All best configurations have dropout rate of 0.2 and 30 Lookback 

Table 7. Grid Search Results of ANFIS Method 

Membership 
Function 

Batch 
size LR MAPE sMAPE 

3 16 0.001 33.08% 39.49% 
2 16 0.001 33.46% 39.96% 
3 32 0.01 35.93% 42.90% 

 
Learning rate 0.001 proved critical but for different 
reasons. RNN showed extreme sensitivity, where a 
parameter value of 0.001 resulted in an error of 17.41%, 
while a smaller value of 0.0005 increased the error to 
24.09%. due to gradient instability, multiplicative 
gradient flow creates exponential decay, so slower rates 
compound vanishing gradients across traversal steps. 
LSTM maintained robust consistency with not much 
difference in all architectures, because additive cell state 
updates preserve gradient magnitude, enabling rapid 
convergence with long-range learning as seen in [11]. 
FFNN exhibited similar learning rate sensitivity, where 
a smaller learning rate produced substantially better 
accuracy, while a larger learning rate led to a sharp 
decline in performance. 

Dropout regularization of 0.2 proved optimal for LSTM, 
RNN, and FFNN, while CNN required higher 
regularization at 0.3 to prevent overfitting given its 
deeper convolutional structure. FFNN demonstrated 
remarkable stability across top configurations, with 
errors varying only 0.29-0.35 percentage points, 
between the two best performers, confirming robust 
generalization despite architectural simplicity. CNN 
exhibited the highest cross-validated errors among 
neural architectures with MAPE of 17.85% and sMAPE 
of 21.23%, reflecting architectural mismatch for 
temporal sequences where convolutional filters fail to 
capture long-range dependencies effectively [5]. 

ANFIS revealed fundamental limitations where varying 
membership functions from 2 to 3 provided negligible 
change in errors, while larger batch size of 32 degraded 
performance to 35.93% MAPE and 42.90% sMAPE. 
With 8 input features generating  2⁸ = 256 potential fuzzy 
rules but only 1,237 training samples, the resulting rule 
sparsity of apointroximately 4.8 samples per rule 
prevents effective membership function optimization, 
consistent with curse of dimensionality effects 
documented in fuzzy systems literature [14]. Cross-
validated results confirm ANFIS is unsuited for this 
high-dimensional tourism forecasting task. 
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3.2. Model Performance Comparison 

Following hyperparameter optimization via 
TimeSeriesSplit cross-validation, optimal 
configurations were evaluated on the held-out test set. 
Table 8 assesses regression performance on operational 
days using MAPE and sMAPE, while Table 9 presents 
the primary evaluation on combined scenarios using 
sMAPE. 

Table 8. Model Performance Comparison on Operational Days 

Model RMSE MAE sMAPE MAPE 
Training 

MAPE 
Testing 

S-Naïve 208.56 138.89 29.84% - 42.39% 
SARIMA 630.68 586.73 68.33% 52.34% 98.56% 

RNN 106.20 75.48 16.92% 12.34% 14.55% 
CNN 132.98 93.25 20.87% 15.89% 18.12% 
FFNN 77.27 54.65 13.18% 11.18% 12.05% 
LSTM 72.51 42.42 11.45% 8.12% 9.73% 
ANFIS 246.99 212.98 38.92% 34.23% 33.78% 

Note: Bold values indicate best performance per metric. 

LSTM achieved superior performance with a modest 
generalization gap, demonstrating robust learning 
through gating mechanisms that suppress noise while 
retaining important temporal patterns, which naturally 
prevents overfitting through selective memory updating. 
[6], [13]. FFNN ranked second by learning generalized 
nonlinear patterns from engineered lag features, 
effectively transforming forecasting into static pattern 
recognition without the overfitting risks of sequential  
models. RNN and CNN showed moderate overfitting 
due to gradient instability and architectural mismatch 
with temporal dependencies, limiting their ability to 
learn long-range seasonal patterns [5]. ANFIS primarily 
demonstrated severe underfitting, where the model 
failed to capture even training patterns, Poorly-
calibrated rules generate predictions uncorrelated with 
actual patterns, with slight testing "improvement" 
reflecting random variation rather than learning. 

SARIMA showed extreme overfitting, where its 
continuous assumptions failed in the presence of 
structural zeros, making it unable to handle closure-like 
conditions in the data [27]. This is not overfitting in the 
traditional sense but rather architectural unsuitability for 
dual-state forecasting. 

Table 9. Model Performance Comparison on All Days 
Model RMSE MAE sMAPE 

S-Naïve 180.22 102.53 35.58% 
SARIMA 630.68 586.73 68.33% 

RNN 106.20 75.48 16.92% 
CNN 132.98 93.25 20.87% 
FFNN 77.27 54.65 13.18% 
LSTM 72.51 42.42 11.45% 
ANFIS 246.99 212.98 38.92% 

Note: All days evaluation includes both operational days (n=350) and 
non-operational days (n=91) 

LSTM achieved superior performance and modest 
generalization gap of 1.61 points, demonstrating robust 

learning [13]. forget, input, and output gates act as 
learned filters suppressing noise while retaining salient 
patterns. This architectural bias toward parsimonious 
representations prevents overfitting through selective 
memory updating, as demonstrated by Salamanis et al. 
[6]. FFNN ranked second by learning nonlinear patterns 
from lag features, supporting static pattern recognition 
[11]. RNN and CNN showed moderate overfitting with 
gaps exceeding 2.2 points due to vanishing gradients and 
architectural mismatch [5], [20]. 

ANFIS showed relatively high error and a slight 
negative performance gap, highlighting limitations from 
the curse of dimensionality where 256 fuzzy rules but 
only 1,237 training samples prevent effective learning 
[14].  

The baselines demonstrated contrasting performance. S-
Naive employed 7-day lag forecasting as a simple 
weekly persistence baseline, while 
𝑆𝐴𝑅𝐼𝑀𝐴(2,1,2)(1,1,2)$ exhibited severe failure with a 
large performance gap. This degradation occurs because 
SARIMA's continuous Gaussian assumptions are 
fundamentally violated by frequent structural zeros, 
causing the model to learn normal operational patterns 
during training but systematically predict positive visitor 
counts when encountering closure conditions in testing 
data [27]. 

All days evaluation reflects the real forecasting 
challenge for park managers because it includes 
structural zeros from conservation policies, unlike 
operational-day results that only show continuous 
demand behavior. LSTM’s low error across both 
operational and closure conditions demonstrates 
practical precision for predictive management. The large 
performance gap between neural networks and classical 
methods confirms that ecotourism forecasting under 
operational constraints requires models capable of 
learning both continuous demand patterns and discrete 
operational states. 

 
Figure 4.  Prediction Comparison Training Set  

Figure 4 highlights distinct learning behaviors across 
models. LSTM closely follows daily and seasonal 
variations while correctly predicting near-zero values 
during closures, reflecting effective memory control 
through its gating mechanisms. FFNN shows a strong fit 
with slight smoothing from global pattern learning. RNN 
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displays lagged predictions due to difficulty capturing 
long-term dependencies, while CNN exhibits 
oscillations from limited receptive fields. ANFIS 
consistently underestimates demand, indicating 
persistent underfitting across varying visitor ranges.  

 
Figure 5.  Prediction Comparing Test Set 

Figure 5 confirms strong generalization on unseen data, 
where LSTM maintains superior performance despite 
novel patterns, indicating that its gating mechanisms 
learned genuine causal relationships. Its continued 
ability to predict near-zero values during test closures 
further demonstrates learned conditional logic that 
suppresses demand forecasts when operational signals 
indicate closures. 

LSTM stands out because selective memory via gating 
mechanisms retains long-term seasonal dependencies 
while responding to short-term fluctuations. Vanishing 
gradient mitigation through additive cell state updates 
shown in Eq. (12) prevents gradient decay, explaining 
superiority over RNN [9].  

(𝐶! =	𝑓! ⊙	𝐶{!#"} +	𝑖! ⊙	𝐶k!) (15) 

Adaptive feature weighting allows gates to prioritize lag 
variables for weekdays and high season indicators for 
peaks. 

Comparative evaluation requires acknowledging our 
11.45% sMAPE on combined data addresses a 
forecasting challenge absent in existing tourism 
literature assuming continuous demand. This study’s 
LSTM achieved 9.73% operational MAPE, substantially 
outperforming Nguyen-Da et al. [27]'s hybrid CNN-
LSTM at 12.3% and aligning with systematic reviews 
showing LSTM typically achieves 0.71-10% MAPE. 
Classical methods reveal fundamental limitations, while 
Bouhaddour et al. [7] reported SARIMA achieving 15-
25% higher MAPE than LSTM, SARIMA exhibited 
model failure because continuous Gaussian assumptions 
cannot accommodate binary operational states. CNN's 
18.12% and ANFIS's 33.78% operational MAPE 
confirm Kim et al. [5] and Karaboga and Kaya [14]'s 
reported architectural limitations. 

The research establishes comprehensive benchmark 
comparing five neural and hybrid intelligence models for 
national park ecotourism forecasting.  LSTM enables 

proactive management through accurate forecasts, 
supporting staffing optimization and carrying capacity 
interventions when predicted surges exceed 850 daily 
visitors. Benefits include reduced operational 
inefficiencies, optimized procurement, ecosystem 
protection through predictive conservation, and 
improved visitor experience through public 
dissemination of crowding forecasts for informed trip 
planning.  

4.  Conclusion  

This study benchmarked five neural and hybrid 
intelligence models with two classical baselines for 
forecasting Mount Rinjani National Park visitor arrivals 
under operational constraints. Using 1,650 observations 
with TimeSeriesSplit cross-validation, we evaluated 
performance on operational days and combined 
scenarios including 427 closures (25.9%). LSTM 
showed superior performance with 9.73% operational 
MAPE and 11.45% combined sMAPE, alongside a 
MAE of 42.42 visitors and RMSE of 72.51 visitors, 
supporting practical resource allocation. This 
performance was achieved using 64 units, a 0.001 
learning rate, a 30-day lookback window, and 0.2 
dropout, where gating mechanisms enable selective 
memory use for both continuous demand forecasting and 
operational state recognition.  

These results highlight the superiority of deep learning, 
particularly LSTM over other modeling approaches in 
capturing both continuous demand patterns and discrete 
operational states for conservation-oriented forecasting. 
Future research could integrate exogenous variables 
through multivariate LSTM architectures, apply 
ensemble approaches for uncertainty quantification, and 
extend validation across multiple protected areas to build 
transferable predictive management frameworks that 
support conservation objectives. Expanding temporal 
evaluation would also help assess adaptability to 
evolving visitation patterns. Incorporating additional 
predictors may further enhance performance. Broader 
multi-site testing could improve generalizability beyond 
location-specific operational dynamics. While feature 
parsimony reduced overfitting risk given limited training 
data, richer interactions remain worth exploring, 
alongside more extensive testing designs to strengthen 
statistical comparison and overall robustness. 
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