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Abstract

This study evaluates the performance of five optimization algorithms in Artificial Neural Network (ANN) models for predicting
house prices in Pekanbaru. The optimizers tested include Adam, AdaDelta, Stochastic Gradient Descent (SGD), Nadam, and
Adaptive Sharpness-Aware Minimization (ASAM). A total of 3,149 house sales records were collected from rumah123.com
between January and December 2024. After cleaning 148 incomplete entries, 3,001 valid records remained. The dataset
included seven features: price, location, number of bedrooms, number of bathrooms, land area, building area, and garage
capacity, with the location encoded using one-hot encoding. The research involved a literature review, problem formulation,
data acquisition, preprocessing, model development, and evaluation. Model performance was assessed using the Mean
Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and Root Mean Square Error (RMSE). The results show
that SGD consistently achieved the best performance, particularly at a 90:10 train-test split, with the lowest MAPE (1.74%)
and MSE (0.3279). Adam and Nadam also performed well, while ASAM had the highest error (MAPE 6.14%). These findings
indicate that SGD was the most effective optimizer for this dataset. Future research should explore larger datasets and
advanced hyperparameter tuning to improve the generalizability of this model.
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1. Introduction Residential Property Price Survey (SHPR) conducted
by Bank Indonesia in the third quarter of 2024 [5], the
Residential Property Price Index (IHPR) increased by
1.94% year-on-year (yoy), surpassing the 1.66% (yoy)
growth observed in the previous quarter. Notably,

Pekanbaru recorded the highest IHPR growth at 4.55%

Housing constitutes one of the essential human
necessities, positioned alongside food and clothing.
According to Maslow’s Hierarchy of Needs, housing is
classified as a physiological necessity [1], [2]. A house

provides shelter and a sense of security, serving as a
vital component in human well-being [3]. It is essential
to emphasize that housing should not be regarded
merely as a luxury, but rather as a basic necessity for
human life [4]. In the city of Pekanbaru, Riau Province,
Indonesia housing prices have exhibited significant
fluctuations, impacting both buyers and sellers in the
real estate market.

In recent years, Pekanbaru, Riau, has recorded the
highest increase in housing prices compared to other
regions in Indonesia. According to the Residential The

(yoy), followed by Yogyakarta at 4.51% (yoy) and
Pontianak at 3.12% (yoy). Such abnormal price
increases negatively impact both sellers and buyers. For
sellers, disproportionate price hikes may hinder
property sales and create a negative perception of
housing affordability. Conversely, for buyers, rising
prices limit purchasing power and force many to
consider rental options instead of ownership.

Housing prices are generally influenced by various
features, which can be categorized into non-
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geographical and geographical factors [6], [7]. Non-
geographical factors include attributes such as the
number of bedrooms, floor area, and building age, while
geographical factors involve proximity to city centers,
accessibility to public transportation, and the quality of
surrounding educational institutions [8]. Understanding
the pricing patterns and determinants is not only
relevant for potential buyers and sellers but also crucial
for policymakers, real estate analysts, and urban
planners [9].

The volatility of housing prices has created a growing
demand for sophisticated predictive models that support
stakeholders in formulating well-informed decisions.
The unpredictability of housing prices has prompted the
need for advanced prediction models that can assist
stakeholders in making informed decisions [10]. In this
regard, Machine Learning (ML) techniques provide
effective solutions through their capacity to extract
patterns from historical data and generate precise
predictions. [11]. Computer-based predictive systems
help determine optimal buying and selling times,
reducing risks associated with market volatility [9].
Among various ML approaches, Artificial Neural
Networks (ANN) have been extensively studied in
recent years owing to their powerful ability to handle
nonlinear challenges. By efficiently modeling complex
dependencies among variables, they provide a versatile
framework for solving diverse computational and
predictive problems. [12].

Artificial Neural Networks (ANN) have been
extensively acknowledged as powerful approaches for
addressing regression tasks, primarily due to their
ability to model complex and nonlinear associations
between input and output variables [13]. By
incorporating multiple layers including an input layer,
several hidden layers, and an output layer ANNs
facilitate the discovery of underlying patterns within
large-scale datasets [14], [15]. Prior studies have
demonstrated the efficiency of ANN in real estate price
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prediction. For instance, Rampini and Re Cecconi [12]
implemented ANN to predict housing prices in the
Italian real estate market with high accuracy. Similarly,
[16] employed deep learning techniques in Sakarya,
Turkey, to estimate housing prices effectively.
However, despite its advantages, ANN is susceptible to
overfitting, a condition where the model memorizes
training data instead of generalizing patterns, leading to
decreased performance on unseen data [8], [17], [18].

To address these limitations, optimization algorithms
play a crucial role in enhancing ANN performance [19].
Optimization refers to refining existing models or
designing optimal frameworks to achieve superior
results [20], [21]. Various optimization techniques have
been explored in prior research. For example, A study
has been conducted to compare Stochastic Gradient
Descent (SGD), Adaptive Delta (AdaDelta), and
Adaptive Moment Estimation (Adam) in image
classification tasks and found that Adam provided the
highest accuracy [1]. Other optimization methods, such
as Nesterov Adam (Nadam)[22], Adaptive Sharpness-
aware Minimization (AdaSAM) and SGD [23], [24],
have also shown effectiveness in improving ML
models.

Given the background of housing price fluctuations and
the need for accurate predictions, this study aims to
optimize the Artificial Neural Network model using
various optimization algorithms. By incorporating
different optimization techniques, the proposed model
seeks to enhance prediction accuracy and generalization
performance. This research aims to contribute to real
estate analytics by offering insights for buyers, sellers,
and policymakers on housing market dynamics.

2. Methods

This study was
stage explained
Figure 1:

conducted systematically, with each
within the framework as shown in
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Figure 1. Research Stages for ANN-Based House Price Prediction
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2.1 Data Collection

The dataset employed in this study consists of housing
sales data from Pekanbaru, systematically collected
using web scraping techniques. The data were sourced
from Rumah123.com, one of Indonesia's leading real
estate listing platforms, and the extraction was
performed with the Octoparse 8 application. This
method allowed for efficient and structured data
collection from numerous property listings available on
the website. The collected data represent actual market
listings, providing a reliable basis for developing a
predictive model of housing prices.

The dataset includes seven key features frequently
employed in real estate valuation: price, location, the
number of bedrooms, bathrooms, land area, and
building area and garage capacity. Among these, the
price acts as the target variable for prediction, as it
represents the final market value of a property. Location
is a critical determinant of price, influenced by factors
such as neighborhood accessibility, proximity to public
facilities, and ongoing regional development. Properties
located in prime or strategically developed areas often
command significantly higher prices compared to those
in less developed or remote zones.

Other variables also contribute substantially to property
valuation. The number of bedrooms and bathrooms
serves as an indicator of comfort, privacy, and
suitability for family living, thereby influencing buyer
interest. Land area and building area are important in
estimating the physical size and potential utility of the
property, where larger dimensions typically correlate
with higher price tags. Garage capacity, though
sometimes overlooked, is particularly relevant in urban
settings like Pekanbaru, where personal vehicle
ownership is common; thus, having sufficient parking
space can increase a house's attractiveness and market
value. These features collectively provide a
multidimensional view of each property, enabling more
accurate price prediction through machine learning
models.

2.2 Preprocessing

Data preprocessing serves as a fundamental process for
improving the overall quality of the data and ensuring
optimal integration with machine learning models [25],
[26]. The process begins with the removal of duplicate
records and irrelevant attributes, such as id, which do
not contribute to predictive accuracy and may introduce
noise into the model. Eliminating such attributes
improves the efficiency of the modeling process.

Handling outliers is another critical step, as their
presence can significantly disrupt model performance
[27]. Various techniques, including trimming,
winsorizing, or data transformation, can be applied to
mitigate their impact [28], [29]. Addressing missing
values is equally important to prevent biased analysis.
Common approaches for handling missing data include

imputation based on mean, median, or model-driven
techniques [30], [31].

To ensure consistency across features, data
normalization is applied, particularly for numerical
variables such as house price, land area, and building
size. Normalization scales these values within a defined
range, typically between 0 and 1, to prevent
disproportionate influence from features with larger
numerical scales. Categorical data, such as location, is
converted into numerical representations through
encoding techniques to enable effective use in
predictive modeling.

After completing the data cleaning and transformation
processes, the dataset is partitioned into distinct subsets
for training and testing purposes. This step ensures that
the predictive model can be accurately evaluated before
being deployed on new data, ultimately improving its
reliability and generalization capability.

2.3 Model Development Process

Ensuring that the developed Artificial Neural Network
can generate accurate and reliable house price
predictions is a critical aspect of model development.
The initial stage involves providing relevant input data,
where key features such as price, location, the number
of bedrooms, bathrooms, land area, building area, and
garage capacity are used as input variables.

Once the data is incorporated, the next step is adjusting
model parameters to optimize learning. This includes
selecting the appropriate optimization method and
activation function, which are essential for improving
model performance and prediction accuracy. Proper
parameter selection is essential to ensure that the model
effectively captures patterns within the data.

The subsequent step is validating the model’s output,
where predictions are compared against historical data
to assess accuracy levels. This validation process
ensures that the model is well-calibrated and capable of
generating reliable estimates. By analyzing the
discrepancies between predicted and actual values,
further adjustments can be made to improve model
performance.

To assess the predictive capabilities of the model,
several performance metrics were employed. The
primary metrics include Mean Absolute Error (MAE),
Mean Squared Error (MSE), Mean Absolute Percentage
Error (MAPE), and Root Mean Squared Error (RMSE).
These measures facilitate a quantitative evaluation of
the model’s performance and assist in pinpointing
aspects that may require further improvement. The
following mathematical formulas were utilized to
calculate the statistical metrics. [13], [32], [33], [34].

Root Mean Square Error (RMSE) is a commonly used
metric that measures the square root of the average of
the squared differences between the actual values (y;)
and the predicted values (¥,). RMSE provides an
indication of the magnitude of prediction errors, with
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larger errors being penalized more due to the squaring
process. It is useful for evaluating the overall accuracy
of regression models, especially when large deviations
are critical to detect [35]. The formula for RMSE is
shown in Equation 1.

RMSE = [L31, (97 (1)

where y; denotes the actual (true) value, ¥, represents
the predicted (output) value, and n is the total number
of observations.

Mean Absolute Percentage Error (MAPE) measures the
average absolute percentage deviation between
observed and predicted values. By expressing errors in
percentage terms, this metric facilitates easier
interpretation across varying scales. However, MAPE is
sensitive to zero or near-zero actual values, which can
lead to distortion or undefined results [35], [36]. The
formula for MAPE is shown in Equation 2.

A

MAPE =31, (|yyi|) X 100 @)

where y; denotes the actual (true) value, y,is the
predicted (output) value, and n represents the total
number of observations.

Mean Absolute Error (MAE) calculates the average
magnitude of the absolute errors between actual and
predicted values. Unlike RMSE, it treats all errors
equally, making it more robust to outliers. MAE is
intuitive and represents the average absolute deviation
in the original unit of the data [36]. The formula for
MAE can be shown in Equation 3.

1 ~
MAE = —¥i1ly: — 3 @)

where y; represents the actual (true) value, ¥, denotes
the predicted (output) value, and n is the total number
of observations.

Mean Squared Error (MSE) measures the average of the
squared differences between the actual and predicted
values. Like RMSE, it penalizes larger errors more
severely, making it useful for identifying models with
significant variance in prediction. MSE is also
commonly used in optimization because it is
differentiable [36]. The formula for MSE can be shown
in Equation 4.

MSE = -3, (y; = 9)) 2 @)

Where y; denotes the actual (true) value, ¥, represents
the predicted value, and n is the total number of
observations.

2.4 Proposed Model

The final stage in the model development process is
known as the finalization phase, which plays a pivotal
role in ensuring the model's readiness for real-world
application. This phase involves selecting the most
suitable  optimization  algorithrm  based on
comprehensive evaluations conducted in the previous

stages. Each algorithm's performance is carefully
assessed through various metrics such as Root Mean
Square Error (RMSE), Mean Absolute Percentage Error
(MAPE), Mean Absolute Error (MAE), and Mean
Squared Error (MSE), as defined in Equation (1),
Equation (2), Equation (3), and Equation (4),
respectively, to determine its ability to produce accurate
and stable predictions. By comparing these outcomes,
the algorithm that consistently demonstrates the best
results across validation datasets is chosen as the final
optimizer for the model.

Once the most effective optimization strategy is
identified, the model undergoes a refinement process to
reach its peak predictive capability. This may involve
additional fine-tuning of the hyperparameters and re-
training using the full dataset to ensure generalizability.
At this stage, the model was tested under conditions that
simulated real-world data to verify its robustness and
reliability. The goal is to minimize the prediction error
while  maintaining  computational  efficiency,
particularly when the model is intended to be integrated
into larger decision-making systems or user-facing
applications.

After achieving optimal performance, the model is
prepared for deployment to predict house prices in the
city of Pekanbaru. Deployment involves not only
making the model accessible via an application
interface or software system but also ensuring that it can
handle live data input with consistent accuracy. This
step is crucial for delivering actionable insights to
stakeholders such as homebuyers, real estate agents,
property developers, and financial institutions. A well-
deployed model enables these parties to make informed
decisions based on data-driven price estimates, thereby
enhancing transparency and efficiency in the real estate
market.

3. Results and Discussions

The results of the conducted experiments are presented
in this section, organized into several main subsections.

The research data, obtained through a web scraping
process, initially comprised 3,149 rows and 8 attributes.
Prior to analysis, the dataset underwent a
comprehensive preprocessing phase, which included
handling missing values, removing duplicates, and
correcting inconsistencies. As a result of this cleaning
process, the final dataset was reduced to 3,001 valid
entries. A summary of the cleaned dataset is presented,
as shown in Table 1.

Table 1. Data Research After Cleaning

Attribute Non-Null Count  Dtype
Advantages 3001 non-null object
Price 3001 non-null int64
Location 3001 non-null object
Bedrooms 3001 non-null int64
Bathrooms 3001 non-null int64
Land_area (m?) 3001 non-null int64
Building_area (m?) 3001 non-null int64
Additional_info 3001 non-null object
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This stage comprises a series of steps to build, train, and
evaluate the Artificial Neural Network (ANN) model.
In this study, the ANN model employs optimization
algorithms, namely Adam, Nadam, SGD, and
AdaDelta. To provide a systematic overview of the
implementation and evaluation process, the following
pseudocode outlines the key steps involved:

BEGIN
LOAD house price dataset
REMOVE incomplete records
ENCODE categorical variables using
one-hot encoding
NORMALIZE numerical features using
MinMaxScaler
SPLIT dataset into training and
testing sets
DEFINE optimizers =
SGD, AdaDelta]

[Adam, Nadam,

FOR EACH optimizer in optimizers DO:
INITIALIZE ANN model with:
- Input layer: number of features
- Hidden layers: ReLU activation
- Output layer: linear activation

COMPILE model with:

- Loss: Mean Squared Error (MSE)
- Optimizer: current optimizer
- Metrics: MAE, MAPE

TRAIN model on training set

- Epochs = N
- Batch size = B
- Validation split = 0.2

EVALUATE model on testing set
COMPUTE RMSE = sqgrt (MSE)
PRINT optimizer and evaluation
metrics
END FOR
END

As shown in Table 2, the findings in this study are
derived from the test results and are calculated based on
Equation (1), Equation (2), Equation (3), and Equation
(4), which represent MSE, MAE, MAPE, and RMSE,

respectively.
Table 2. Result Test

Optimization Split MSE MAE MAPE RSME
Data

Adam 90:10 0.7101 0.3724 1.80% 0.5040
80:20 0.5947  0.3538 1.71% 0.4699
70:30 0.8807  0.4137 1.99% 0.5781

AdaDelta 90:10 0.4603 0.3576 1.74% 0.5001
80:20 0.4822 0.3513 1.70% 0.4775
70:30 0.5200 0.3607 1.75% 0.4804

SGD 90:10 0.3279  0.3575 1.74% 0.4915
80:20 0.4127 0.3573 1.74% 0.4813
70:30 0.3693 0.3538 1.72% 0.4705

Nadam 90:10 0.4461  0.3582 1.74% 0.4887
80:20 0.4103 0.3473 1.68% 0.4604
70:30 04395 03514 1.70% 0.4697

Asam 90:10 24834 1.2779 6.14% 1.5759
80:20 32414 141 6.79% 1.8004
70:30 24501 1.2264 5.89% 1.5653

This section discusses the comparative performance of
four primary optimization algorithms—SGD, Adam,
Nadam, and AdaDelta—used in Artificial Neural
Network (ANN) models for house price prediction. The
performance is evaluated across three different train-
test split configurations: 90:10, 80:20, and 70:30.
Evaluation metrics include MSE, Mean Absolute Error
(MAE), Mean Absolute Percentage Error (MAPE), and
Root Mean Square Error (RMSE).

Stochastic Gradient Descent (SGD) demonstrated the
most consistent and optimal performance across all data
splits. On the 90:10 split, it achieved the lowest MSE
(0.3279) and MAPE (1.74%), with similarly strong
results on the 80:20 and 70:30 splits. These outcomes
suggest that SGD is particularly well-suited for
structured regression problems such as house price
prediction, where a simple and deterministic
optimization path yields better generalization.

Adam, known for its adaptive learning rate and
momentum, showed variable performance. It performed
well on the 80:20 split, achieving a MSE of 0.5947 and
MAPE of 1.71%. However, its performance degraded
significantly with the 70:30 split, with increased error
rates. This instability across different data distributions
indicates that Adam may be sensitive to the training
data proportion and structure in this context.

Nadam, which integrates Adam with Nesterov
momentum, exhibited slightly more stable behavior
than Adam. Its best performance was also observed on
the 80:20 split, yielding the lowest MAPE among all
optimizers (1.68%). Despite this, it did not outperform
SGD in terms of consistency or average performance
across splits.

AdaDelta showed moderate and stable performance, but
its evaluation metrics remained generally higher than
those of SGD and Nadam. While it maintained stability
across different splits, its relative underperformance
suggests that it is less suited for the problem compared
to other optimizers.

In contrast, ASAM (Adaptive Sharpness-Aware
Minimization) performed the worst across all metrics
and data splits. For example, on the 90:10 split, ASAM
recorded a significantly high MSE (2.4834) and MAPE
(6.14%). These results indicate that ASAM may not be
appropriate for this type of structured regression
problem, possibly due to its sensitivity to sharp minima
in the loss landscape that do not generalize well.

The experimental results revealed several key findings
regarding the performance of different optimization
algorithms in predicting house prices. Among the
optimizers evaluated, Stochastic Gradient Descent
(SGD) consistently demonstrated the best overall
performance across all data split configurations,
indicating its robustness and adaptability to varying
training scenarios. In contrast, Nadam achieved the
lowest Mean Absolute Percentage Error (MAPE) of
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1.68% in the 80:20 train-test split configuration.
However, this optimal result was not consistently
replicated across other split ratios, suggesting that
Nadam's performance may be sensitive to changes in
data distribution.

Meanwhile, the Adam optimizer exhibited fluctuating
outcomes throughout the experiments. Although it
performed well in some settings, its accuracy declined
noticeably in wider test splits, indicating reduced
generalization ability in scenarios with less training
data. The AdaDelta optimizer demonstrated stable
performance across all configurations but failed to
achieve high accuracy when compared to the other
methods, making it a reliable yet less competitive
choice. Finally, the Adaptive Sharpness-Aware
Minimization  (ASAM) algorithm  consistently
produced the weakest results in this study, suggesting
that it may not be suitable for the type of data and
prediction task used in this research.

These findings highlight that although adaptive
optimizers like Adam and Nadam are popular in deep
learning, traditional optimizers like SGD may deliver
better generalization and robustness for structured
tabular regression tasks such as house price
prediction—particularly when the input features are
well-normalized and free of noise.

4, Conclusions

This study has evaluated the impact of several
optimization algorithms on the performance of ANN
models for house price prediction in Pekanbaru. The
results show that SGD offers the most accurate and
reliable performance across different data splits,
achieving the lowest MAPE values and consistent
generalization. Adam and AdaDelta also delivered
robust results with slight variations in error rates,
making them viable alternatives depending on specific
modeling needs. Although Nadam demonstrated
competitive performance in selected scenarios, its
higher loss values limit its consistency. Conversely,
ASAM vyielded the poorest outcomes, indicating its
inadequacy for the dataset and prediction task at hand.
Overall, the study confirms the importance of optimizer
selection in ANN-based predictive modeling and
suggests that conventional optimizers such as SGD,
Adam, and AdaDelta continue to offer strong
performance in structured regression tasks.

Notwithstanding its contributions, this study has certain
limitations. First, The dataset employed for model
training and validation was confined to housing price
data from a single geographic region, namely
Pekanbaru, which may restrict the generalizability of
the findings to other regions with different market
dynamics. Second, the study employed a fixed ANN
architecture across all experiments, without exploring
the effects of different network depths, activation
functions, or regularization techniques, which may
influence the performance of certain optimizers. Third,

hyperparameter tuning was performed manually within
constrained bounds; more advanced techniques such as
Bayesian optimization or grid search might yield
different outcomes.

Future research should focus on expanding the
geographical scope of the dataset to include diverse
regions, allowing for more generalizable conclusions.
Additionally, experimentation with various ANN
architectures and the integration of ensemble learning
techniques could provide a deeper understanding of
optimizer behavior in complex models. It would also be
beneficial to investigate the impact of automated
hyperparameter  tuning methods and hybrid
optimization strategies to further enhance model
performance. Moreover, exploring the applicability of
these optimizers to alternative predictive tasks such as
rental price estimation, urban development forecasting,
or time-series-based real estate analysis could offer
broader insights into their effectiveness across domains.
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