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1 INTRODUCTION

Indonesia has experienced rapid growth in motorized vehicle ownership over the past
decade, while road infrastructure expansion has progressed at a slower pace. This
imbalance has intensified pressure on the transportation system and contributed to
congestion, travel inefficiency, environmental burdens, and broader infrastructure strain
[11-[3]. At the macro level, these conditions indicate that transportation planning must
increasingly rely on measurable indicators that can capture how strongly vehicle growth
is outpacing road development. A useful way to represent this infrastructure pressure is
through the traffic load ratio, defined as the proportion of total motorized vehicles to
total road length. This ratio offers a compact national-level indicator of how heavily the
available road network is being burdened. When observed over time, it can provide an
interpretable basis For evaluating whether infrastructure development is keeping pace

with mobility demand [4]-[6].

In countries with rapid urbanization and continuing motorization growth such as
Indonesia, this type of indicator can support longer-term infrastructure planning and
policy reflection. Previous traffic fForecasting studies have often focused on high-
frequency urban traffic flow data, such as hourly or daily observations from sensors,
cameras, or specific corridors [7]-[9]. In such settings, deep learning models, including
Long Short-Term Memory (LSTM) networks, have shown strong capacity to model
temporal dynamics [10]-[12]. However, there remains a gap in the literature regarding the
use of LSTM for macro-level national traffic load forecasting based on annual aggregate
data [13]-[15]. This is an important distinction because national planning problems are
structurally different from short-term operational traffic Forecasting: they rely on
longer-horizon indicators, Far Ffewer observations, and broader infrastructure

interpretations [16], [17].

Accordingly, this study Formulates the national traffic load ratio as a time-series
Forecasting problem using annual aggregate data from Indonesia for the period 2016-
2023. The study does not claim predictive superiority over simpler Fforecasting
approaches. Rather, its contribution lies in two aspects: first, in formalizing the national
traffic load ratio as a macro-level indicator of infrastructure pressure; and second, in

examining, in an explicitly exploratory manner, whether an LSTM framework can capture
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its annual trend under severe data limitations. This positioning is important because the

available dataset contains only eight annual observations, which substantially constrains
generalization and requires cautious interpretation. Therefore, the objective of this
research is to explore the Feasibility of using LSTM to model and project the national
traffic load ratio in Indonesia, while transparently acknowledging that the resulting
Forecasts should be interpreted as exploratory signals rather than as definitive policy-
grade predictions. In this sense, the study is intended to provide an initial data-driven
reference for infrastructure planning and to motivate future work using larger datasets

and direct baseline comparisons.

2. METHODS

2.1. Research Design and WorkFflow

This study adopted an exploratory quantitative Forecasting design to examine whether
an LSTM model could capture the annual trajectory of Indonesia’'s national traffic load
ratio. The workflow consisted of five stages: (1) data collection, (2) data preprocessing
and national aggregation, (3) sequence generation, (4) LSTM model development, and (5)

evaluation and exploratory future forecasting as shown in Figure 1.

Merge
Province-Year
Data

BPS Data Compute Trafic National

Load Ratio Aggregation

. Normalization
Collection

Sequence

2L ‘ Evaluation ‘ LSTM Trainning ‘ Train-Test Split Generation

Projection

Figure 1. Research Design and Workflow

This structure follows the same core workflow already used in the manuscript, but the
methodological positioning in the revised version is made more explicit: the present study
should be interpreted as exploratory proof-of-concept work, not as a definitive

comparative forecasting study.
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2.2. Data Source

The data were obtained from the Indonesian Central Bureau of Statistics (BPS), which
served as the official source for both vehicle and road infrastructure information [18].
Two datasets were used. The First dataset contained the annual number of motorized
vehicles in each Indonesian province for the period 2016-2023, including passenger cars,
buses, trucks, and motorcycles. The second dataset contained annual road length data
For each province over the same period, categorized by road status. These two datasets
were merged by Province and Year to construct a unified dataset containing vehicle
counts, road length, and derived traffic load ratio values. A sample of the merged dataset

is shown in Table 1.

Table 1. Data Head of Merged Dataset

Province  Year Total Number of Vehicles Total Road Length (km) Traffic Load Ratio

Aceh 2016 1,800,552 22,810 78.94
North Sumatra2016 5,706,756 40,773 139.96
West Sumatra 2016 2,021,827 23,434 86.28

Riau 2016 3,097,414 27,040 114.55

Jambi 2016 1,900,208 13,731 138.39

2.3. Traffic Load Ratio Formulation and National Aggregation
The traffic load ratio for each province-year observation was defined as the number of
motorized vehicles divided by total road length in kilometers. At the national level, the

ratio was computed from annual aggregate totals as fFollows Equation 1.

Vv,
TLthR—t (1)
t

where TLR: is the national traffic load ratio in year ¢ V;is the total number of motorized
vehicles in Indonesia in year £ and R: is the total road length in Indonesia in kilometers
in year & This Formulation yields the average number of vehicles per kilometer of road
and serves as a macro-level indicator of infrastructure pressure [19]. After aggregating
all provinces by year, the final national time series consisted of eight annual observations

covering 2016 to 2023.

1419 | Data-Driven Traffic For Infrastructure Planning: An LSTM Approach Using ...



Published By
'll> AsosiasiDoktor
\“ Sistem Informasi Indonesia

Table 2. Data Head of National Aggregate Data

Year Total Number of Vehicles Total Road Length National Traffic Load
(National) (National) (km) Ratio

2016 112,205,711 537,837 208.62

2017 118,922,708 540,490 220.03

2018 126,702,280 540,252 234.52

2019 133,617,012 542,160 246.45

2020 136,137,735 545,155 24972

2.4. Data Normalization

To prepare the annual traffic load ratio series for neural-network training, the values
were normalized using MinMax scaling to the range 0,1 [20]. Normalization was applied to
improve numerical stability and to prevent the magnitude of the original values from
dominating the training process [21]. The normalized series was then used For sequence

generation and model input.

2,5. Sequence Preparation and Data Splitting

A fixed-length sliding-window approach was used to transform the annual time series
into a supervised learning format [22], [23]. Each input sequence consisted of Ffive
consecutive yearly observations, and the target output was the traffic load ratio for the
following year. With eight annual observations in total, this procedure produced exactly

three supervised sequences:

Table 3. Sequence Generation from Annual Traffic Load Ratio Data

Sequence Id Input (Years) Output (Prediction Year)
Seq 1 [2016, 2017, 2018, 2019, 2020] 2021
Seq 2 [2017, 2018, 2019, 2020, 2021] 2022
Seq 3 [2018, 2019, 2020, 2021, 2022] 2023

Because the data volume was extremely limited, this study explicitly treats the LSTM
modeling exercise as exploratory. With only eight annual observations and three derived
sequences, any deep learning model is at substantial risk of overfitting. Under such

constraints, simpler baselines such as linear regression or ARIMA would typically be
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preferred for formal comparative forecasting. However, LSTM was intentionally retained

here to test whether it could still capture the non-linear macro-trend of infrastructure
pressure in a proof-of-concept setting [24], [25]. The generated sequences were divided
into training and testing subsets using a minimal split strategy consistent with the limited
sample size. Given the very small number of sequences, the testing subset contained only

one sequence, while the remaining sequences were used for model training.

2.6. LSTM Model Development

The final model used in this study was a sequential neural network composed of one
LSTM layer with 32 hidden units, followed by a Dense output layer with one neuron as
shown in Figure 2. This configuration was selected from several tested alternatives
because it provided the most stable behavior within the available experimental setting
[26]-[28]. The selected architecture contained 4,513 trainable parameters in total. The
model was trained using the Adam optimizer, Mean Squared Error (MSE) as the loss
function, and Mean Absolute Error (MAE) as an additional metric. Training was conducted

For 100 epochs with a batch size of 1[29], [30].

Cu /7 M
f It Ct
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Figure 2. Architecture of LSTM Model
To improve readability and reproducibility, the core LSTM equations are presented below.

1) Forget Gate: Determining how much information from the previous state cell

should be forgotten is shown in Equation 2.

fe = U(Wf “[he—1, %] + bf) 2)
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4)

5)

Input Gate: Controlling what new information will be stored in the cell state is

shown in Equation 3 below.

ip =W [he—1,x] + by) €)

Candidate Cell State: The new candidate value that will be added to the cell state

is shown in Equation 4.

C; = tanh(W, - [he—q, %] + b) (4)

Update Cell State: The combination of forget gate and input gate to update the

cell state is shown below in Equation 5.

Ce = fe* Ct—1+it*C~t (5)

Output Gate: Determining what to output from the cell to the output is shown in

Equation 6.

o = oW, * [he—1, %¢] + by) Q)

Hidden State (Output of LSTM Unit) is shown below in Equation 7.

h; = o, * tanh( C;) 7)

where x; denotes the input at time £ h.;is the previous hidden state, C; is the cell state,

Wand b are trainable weights and biases, o is the sigmoid activation function.

2.7.

Evaluation Metrics

Model performance was assessed using Root Mean Squared Error (RMSE) equation (8)

and Mean Absolute Error (MAE) equation (9), both on the training and testing subsets.

These metrics were selected because they provide complementary information regarding

prediction quality [31], [32].
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RMSE =

n
1
MAE = =1y, - 5l ©
i=1

where y; is the observed value, y; is the predicted value, and n is the number of
observations. Lower values of RMSE and MAE indicate better predictive fit. In this study,
these metrics were used not only to evaluate fit, but also to assess whether the model

generalized beyond the training sequences.

2.8. Exploratory Forecasting

After training, the model was used to generate a five-year forward projection of the
national traffic load ratio For 2024-2028. Given the size of the dataset and the observed
generalization gap, these projections were interpreted cautiously as exploratory

indications of trend direction, rather than as precise policy-level forecasts.
3. RESULTS AND DISCUSSION

3.1. Historical Trend of National Traffic Load Ratio

The annual national traffic load ratio increased consistently during the observation
period, indicating a continuing rise in infrastructure pressure as shown in Figure 3. The
ratio increased from 208.62 in 2016 to 285.22 in 2023, showing that growth in motorized
vehicles continued to outpace growth in road infrastructure. This long-run upward
pattern provides the empirical basis for treating the indicator as a meaningful measure
of macro-level transportation strain in Indonesia [33]. This upward trajectory suggests
that the imbalance between mobility demand and road supply has not been temporary,
but structural. In practical terms, the pattern implies that without stronger infrastructure
expansion or transport demand management, pressure on the national road system is

likely to continue accumulating.
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National Traffic Load Ratio Over Time
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Figure 3. Graph of Traffic Load Ratio in Indonesia from 2016 to 2023

3.2. LSTM Performance

The selected LSTM model achieved an RMSE of 03652 and an MAE of 0.3617 on the
training set. On the testing set, however, both RMSE and MAE increased to 1.7585. These
results indicate that the model was able to Fit the training data closely but generalized
poorly to the unseen test sequence. The discrepancy between training and testing
performance points to clear overfitting. Given the extremely small number of annual
observations and the resulting three supervised sequences, this outcome is
methodologically unsurprising [34]-[36]. The model had sufficient Flexibility to reproduce
the training pattern, but insufficient information to support robust out-of-sample

Forecasting.

Table 4. Model Evaluation

Dataset RMSE MAE
Training Set 0.3652 0.3617
Testing Set 1.7585 1.7585
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3.3. Prediction versus Actual Visualization

The comparison between actual and predicted values shows that the model followed the

historical pattern closely on the training portion of the series as shown in Figure 4. On

the testing portion, the prediction still appeared to follow the general upward direction

of the series, but the error metrics reveal that its numerical generalization was weak.

Therefore, visual resemblance between the predicted and actual curves should not be

interpreted as evidence of reliable predictive accuracy. This distinction is important. In

short annual series, 2 model may reproduce the overall direction of change while still

failing to estimate the actual magnitude of future values with adequate precision.

Accordingly, the test prediction in this study is better interpreted as directional

consistency rather than accurate point Forecasting.

National Traffic Load Ratio: Actual vs. Historical Predictions
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Figure 4. Comparison of Actual Value of National Traffic Load Ratio with LSTM Model

3.4. Exploratory Five-Year Projection

Using the trained LSTM model, the national traffic load ratio was projected For the next

Five years.
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Table 5. Prediction of Future Traffic Load

Year Traffic Load
2024 294.83
2025 305.58
2026 317.84
2027 329.84
2028 34113

The resulting values were 294.83 for 2024, 305.58 for 2025, 317.84 for 2026, 329.84 for

2027, and 34113 for 2028 as shown in Figure 5. These values indicate a continued upward

trend in infrastructure pressure over the forecast horizon. However, this projection

should be interpreted cautiously. The forecast does not establish that the numerical

values themselves are highly reliable; rather, it suggests that, under the historical pattern

observed in the annual aggregate data, the burden on the national road system is likely

to continue increasing. In this sense, the Forecast is more appropriately understood as

an exploratory warning signal than as an exact planning target.
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Figure 5. National Traffic Load Ratio Projection Using LSTM Models
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3.5. Discussion

The findings of this study highlight the tension between the theoretical flexibility of
LSTM and the practical limitations of macro-level annual transportation data. The model
achieved low training errors, indicating that it could fit the observed historical pattern.
However, the much larger testing error reveals weak out-of-sample generalization and
confirms that the model overfit the available data. This result is consistent with the
structure of the dataset itself, which contains only eight annual observations and yields

only three supervised sequences for learning.

One important implication is that visual similarity between predicted and actual values
should not be overinterpreted. In the present case, the testing prediction appears
directionally aligned with the upward historical trend, yet the error metrics remain poor.
This apparent contradiction can occur because directional pattern tracking and precise
numerical forecasting are not equivalent. A model may capture the broad direction of
growth while still producing unreliable point estimates. The revised interpretation
therefore avoids any claim that the test predictions are “relatively accurate,” because

such wording would not be consistent with the reported generalization error.

The present findings should also be interpreted relative to prior traffic forecasting
studies. Many previous LSTM-based traffic studies use larger and denser datasets, such
as hourly or daily traffic flow observations collected from sensor networks, road
segments, or urban corridors. In those settings, deep learning models can learn temporal
variation from hundreds or thousands of observations. By contrast, the present study
uses annual aggregate national data, which substantially limits learnable variation and
makes direct performance comparison inherently asymmetric. Therefore, this study
should not be read as evidence that LSTM performs strongly in a conventional
Forecasting sense; instead, it should be read as an exploratory test of whether the model

can still recover a broad macro-trend under highly constrained conditions.

From an infrastructure planning perspective, the most useful contribution of this study
is not the exact five-year numeric forecast, but the formalization of the national traffic
load ratio as a compact indicator of infrastructure pressure. The upward historical series,
together with the exploratory projection, suggests that vehicle growth is continuing to

outpace road expansion at the national level. This insight supports the argument that
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infrastructure expansion, sustainable transportation policy, and better long-term

monitoring remain urgently needed. At the same time, the study has clear limitations. The
sample size is extremely small, the LSTM architecture is complex relative to the available
data, and no direct empirical baseline was included in the current experiment. For these
reasons, the present paper is best positioned as exploratory feasibility work rather than
comparative forecasting evidence. Future research should incorporate higher-frequency
datasets, test simpler statistical baselines such as linear regression or ARIMA, and
examine whether national forecasting can be improved through hybrid or multi-level

models that combine aggregate and provincial information.

4. CONCLUSION

This study investigated the use of an LSTM model to analyze Indonesia's national traffic
load ratio using annual aggregate data on motorized vehicles and road infrastructure
from 2016 to 2023. The results show that the model Fit the training data well, but
generalized poorly to the test data, indicating substantial overfitting caused by the
extremely limited sample size. Accordingly, the study should be interpreted as an
exploratory proof-of-concept rather than as confirmation of robust Fforecasting
performance. Even with these limitations, the historical series and the exploratory five-
year projection consistently indicate increasing pressure on Indonesia’s road
infrastructure. Thus, the main value of this research lies in demonstrating the analytical
usefulness of the national traffic load ratio as a macro-level indicator of infrastructure
strain, and in providing an initial data-driven signal that this strain is likely to continue
increasing if vehicle growth keeps outpacing road development. Future work should use
larger and higher-frequency datasets, include direct comparison with simpler baseline
models, and evaluate whether broader forecasting reliability can be improved before the

model is considered for policy-level planning use.
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