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Abstract

This research focuses on developing a deep learning-based framework to forecast main-
tenance expenditures within the residential sector. To maintain building value, resident
safety, and energy efficiency, consistent facility maintenance is indispensable. This ne-
cessity is especially heightened given the recent increase in the construction of super-
tall and high-performance buildings. However, estimating repair costs for residential
facilities is challenging due to the diverse building types, ownership structures, and oc-
cupancy patterns compared to other property uses. Therefore, this research proposes a
deep-learning model to establish a highly reliable and scientific method for estimating
repair costs using empirical data gathered from actual residential facilities. Among the
deep learning algorithms, Recurrent Neural Networks (RNNs), Long Short-Term Memory
(LSTM), and Gated Recurrent Units (GRUs) were adopted to develop models and opti-
mize them through a fixed split. The framework and results of this paper facilitate the
prediction of maintenance costs for residential facilities, which can contribute to budget
planning, long-term facility management, preventive maintenance, resource management,
and advanced decision-making. Moreover, it will contribute to the advancement of facility
management of residential facilities.

Keywords: residential facility; repair cost; deep learning algorithm; facility management

1. Introduction

In recent years, facility management has emerged as an important branch of the built
environment field, increasing awareness across various sectors. Organizations around the
world have begun to realize that effective facility management is vital to their overall suc-
cess. This shift stems from several synergistic factors that have redefined industry standards
and underscored the urgency of robust facilities management [1]. One of the chief reasons
for the growing importance of facility management is the increasing complexity of modern
organizations. Rapid technological advances, evolving regulatory requirements, and an
emphasis on sustainability have all contributed to the growing demand for robust facility
management strategies. Nowadays, organizations face the challenge of managing complex
building systems, optimizing resource utilization, and ensuring operational efficiency while
complying with stringent environmental standards. Facility management has become an
important discipline that can address these challenges and provide organizations with a
competitive advantage [2].
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Advanced repair cost prediction plays a key role in today’s facility management.
For example, precise repair cost estimation enables facility managers to evaluate and
allocate budget resources for maintenance accurately. Organizations can effectively plan
their financial resources and make informed decisions about investment priorities only
by understanding the potential costs associated with repairs and replacements [3]. The
ability to correctly calculate repair costs enables facility managers to implement a proactive
maintenance strategy. By estimating repair expenses over time, facility managers can
prioritize maintenance activities, identify critical areas that require immediate attention,
and optimize resource allocation. This approach helps to avoid costly failures, prolongs
the life of assets and reduces overall maintenance costs [4]. In addition, owing to it, facility
managers can perform cost-effectiveness analysis as they evaluate various maintenance
options. The managers can compare the cost of repairs, replacements, and upgrades to
determine the most efficient and financially viable course of action. Advanced repair cost
prediction aids organizations in optimizing their investments in facility maintenance and
aligning them with strategic goals [5]. Finally, by understanding the expenses associated
with repair and replacement, facilities managers can make informed decisions about the
lifecycle of assets. This includes choosing to renew, retire or refurbish assets to ensure
optimal utilization of resources and maximize the value of the assets the organization has
built [6].

Therefore, accurate estimation of repair costs is pivotal for advanced facilities manage-
ment as it enables organizations to budget effectively, implement preventive maintenance
strategies, conduct cost-effectiveness analyses, and optimize asset management practices.
By understanding the importance of calculating repair costs, facility managers can increase
operational efficiencies, reduce costs, and improve the overall performance of their facili-
ties. This study aims to propose the creation of a deep learning algorithm-based model for
predicting repair costs by using actual repair cost data of residential buildings.

1.1. The Importance of Predicting Repair Costs of Residential Facilities

Facility management has gained considerable recognition in the commercial, industrial,
and institutional building groups, but its importance often lags behind that of residential
facilities. Specifically, the ownership structures of residential buildings tend to be more
fragmented than those of other building classes. Residential facilities consist of a range
of stakeholders, including private homeowners, condominium associations and property
management companies [7]. This fragmentation can hinder the adoption of strong facility
management practices due to the lack of centralized coordination and accountability.
Additionally, the perception of urgency and return on investment in facility management
are often lower in residential settings. Unlike commercial or institutional buildings, where
facilities management has a clear impact on organizational productivity and revenue
generation, the benefits of effective facility management in residential properties may be
less visible to individual homeowners. Consequently, the incentives and investments in
implementing comprehensive facility management practices may be limited [8]. Moreover,
residential facilities often face financial and budgetary constraints. Owners and managers
may prioritize immediate costs and maintenance needs, overlooking proactive property
management’s long-term benefits and potential cost savings. Limited financial resources
can hinder the application of advanced facility management systems and preventive
maintenance programs in residential buildings [9].

However, accurate calculation of repair costs in facility management is very important,
especially in the context of residential facilities. Repair cost estimates help facility managers
and homeowners effectively plan and allocate resources for maintenance and repairs. By
understanding the potential costs associated with various repairs and upgrades, facility
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managers can develop proactive maintenance strategies that enhance the life and value
of residential properties [10]. Precise estimation also serves in residential budgeting and
financial planning. The homeowners, condominium associations, and property manage-
ment companies can allocate funds appropriately to have sufficient resources to address
their maintenance and repair needs. Moreover, understanding repair costs will help facility
managers evaluate the cost-effectiveness of different maintenance options and make in-
formed decisions regarding repairs, replacements, or upgrades [11]. Repair cost calculation
is also important in implementing advanced facilities management practices such as pre-
dictive maintenance and life cycle cost analysis. By accurately predicting repair costs over
the lifecycle of a residential facility, facility managers can prioritize investments, identify
cost-saving opportunities, and optimize maintenance strategies. This approach reduces un-
expected costs and improves the overall efficiency and effectiveness of facility management
in residential buildings [12]. In conclusion, facilities management’s growing importance
depends on the complex challenges organizations face today. Nonetheless, residential
properties stay behind other building groups in facility management due to fragmentation
of ownership, reduced urgency, and financial constraints. Recognizing the relevance of
repair cost calculation as a part of advanced facility management is essential for improving
maintenance practices and optimizing resource allocation in residential facilities.

1.2. Challenges in Predicting Repair Costs of Residential Facilities

Despite the various advantages described above, research on predicting repair costs
for residential facilities is insufficient. The incomplete or inconsistent data and lack of
predictive models make it difficult to predict maintenance costs for residential facilities
accurately. The reason is that in the case of residential facilities, it is tricky to develop a
predictive model due to insufficient past data and incomplete or inconsistent data [10]. For
example, records may miss detailed information about types of repairs or replacements,
cost breakdowns, or frequency of maintenance activities compared to other building groups.
Another challenge is the lack of standardized data collection methods in the residential
facility management industry. Different building owners or managers may use a variety of
systems or formats to record maintenance activities and costs. The inconsistency compli-
cates collecting and analyzing data from multiple facilities, hindering the development of
accurate predictive models [13]. Furthermore, the shortcomings of a residential-specific
model may not capture all the factors that affect facility management costs in a residential
facility. Developing comprehensive predictive models for residential properties requires a
deep understanding of the unique characteristics and maintenance requirements of these
properties. The absence of such a model can prevent accurate cost forecasting [14]. Ad-
dressing these challenges will require improving data collection practices, standardizing
maintenance records, and developing predictive models specifically for residential facilities.
The accuracy of forecasting maintenance costs will improve as more data becomes available
and more sophisticated prediction techniques are developed.

1.3. Prediction of Building Repair Costs

Research on the prediction of repair-related costs has expanded significantly, yielding
various predictive frameworks. For example, Bayzid et al. [15] used historical maintenance
and repair data from a road construction company to develop a predictive model. Re-
gression analysis was employed to identify the key factors affecting maintenance costs.
The study found that aspects such as equipment age, usage intensity, and maintenance
practices significantly influenced maintenance costs. Krstic¢ et al. [16] developed a main-
tenance and repair costs model for university buildings based on a survey conducted
among facility managers. The study analyzed various cost components, including labor,
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materials, energy, and maintenance activities. The size of the facility, complexity of the
building systems, and the type of space (e.g., classrooms, laboratories) were identified as
major cost drivers for university buildings. The developed model provided insight into
cost allocation and helped facility managers effectively plan and budget for maintenance
and operational activities. Ghodoosi et al. [17] proposed a framework for optimizing the
maintenance and repair costs of bridge structures. It combined system reliability analysis,
genetic algorithms, and cost estimation models to determine the optimal maintenance
strategies. The research confirmed the framework’s efficacy when factors such as structural
reliability, inspection intervals, and repair costs were taken into consideration. The study
highlighted that implementing the optimal maintenance strategy could result in potential
cost savings. Bouabdallaoui et al. [18] utilized a machine-learning approach to develop a
predictive expense model for the maintenance and repairs of building facilities. Historical
maintenance data, sensor data, and weather data were input. The research showed that
the machine learning model could accurately predict maintenance needs and proactively
identify potential problems in buildings. The approach helped optimize maintenance
schedules, reduce downtime, and improve overall facility performance. Meshref et al. [19]
developed a deep-learning predictive model for the life cycle costs of industrial buildings.
Building information modeling (BIM) and construction and maintenance cost data were
used to train the model. The results confirmed the capability of the deep-learning model to
accurately forecast the life cycle costs of different building structure alternatives. The model
provided valuable insight into the decision-making process in the design and construction
phases, supporting the optimization of building performance and reducing life cycle costs.
Au-Yong et al. [20] suggested a prediction cost maintenance and repair model for office
buildings using a condition-based maintenance approach. The study collected data on
maintenance activities, costs, and building condition parameters. Next, it developed a
model that is able to estimate future maintenance costs and facilitate proactive maintenance
planning based on the condition of office buildings.

As discussed above, studies have been conducted to develop prediction techniques
and models using various techniques for predicting repair costs for various building groups.
Nonetheless, studies on the development of specialized prediction models considering the
characteristics of residential facilities are scarce. Therefore, extensive research is required to
obtain objective results by collecting data on the repair costs of various residential facilities.

2. Research Objective and Methodology

The aim of this study is to propose a repair cost prediction model based on a deep
learning algorithm that uses the repair cost data generated in actual large-scale residential
facilities. The primary purpose of this study is to collect data from actual residential facili-
ties. After that, the model is developed through a deep learning algorithm by utilizing the
collected data as input. Subsequently, the model is verified by comparing its results with
other models. Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM),
and Gated Recurrent Units (GRUs) were adopted as deep learning algorithms. Finally,
each model individually calculates mean absolute error (MAE), root mean square error
(RMSE), and R-square values. The deep learning algorithm models were developed using
Python 3.7. Figure 1 illustrates the comprehensive research framework utilized to develop
a deep-learning-based model for predicting repair costs in residential facilities. The frame-
work provides a detailed visual representation of the essential components and processes
involved in the proposed predictive model. By utilizing advanced deep-learning tech-
niques, the model aims to accurately estimate the costs associated with repairing various
aspects of residential structures.
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Figure 1. The detailed research framework for deep-learning-based repair cost prediction model for
residential facilities.

2.1. Data Collection and Classification

Repair cost data were collected from a large-scale apartment complex to develop a
deep learning-based prediction model for residential facility repair costs. The apartment
complex is located in Seongnam, South Korea, and was completed in 1994. It consists of
22 buildings ranging from 10 to 25 stories, with a total of 1774 households. Repair cost
data were collected over approximately ten years, from 2013 to 2023, and include detailed
records of individual repair cost transactions. This complex was selected as the study
site because it is a representative large-scale residential complex constructed during the
first-generation new town development period in the Seoul metropolitan area of South
Korea. Furthermore, because more than 30 years have passed since its completion, the
complex provides a comparatively long-term repair cost dataset that is well suited for
time-series modeling.

To clarify the fundamental structure of the dataset, the key analytical characteristics
are defined as follows. The unit of observation is a repair cost record at the entire-complex
level, corresponding to a specific repair category in a given month. Because the raw data
were derived from complex-level facility management accounting records rather than
individual building-level cost breakdowns, the aggregation level of the analysis is the entire
complex rather than each individual building. The temporal resolution is monthly. In terms
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of the input-output structure, the output variable is the repair cost amount incurred for
the corresponding month and repair category. The input variables consist of Building Age,
Month, repair Category, and historical repair cost sequence information constructed using
a 12-month rolling window within the same category. The monthly distribution of the
collected repair cost data is presented in Figure 2.
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Figure 2. The distribution of monthly repair costs over time.
Table 1 provides a comprehensive description of each variable used in this study,
including its type and role. The output variable is the repair cost amount (KRW). Building
Age, Month, and Category were used as input variables. Building Age is a continuous
numeric variable representing the age of the apartment complex at the time of repair cost
occurrence. Month and Category are categorical variables denoting the month in which
the repair cost occurred (1-12) and the repair location or purpose classified into six groups
(1-6), respectively. Since Month and Category have no inherent ordinal relationship, both
variables were encoded using one-hot encoding prior to model training, ensuring that the
model does not learn spurious magnitude or rank relationships between unordered classes.
Table 1. A comprehensive description of the variables used in the study.
Variable Descriptions Type/Unit Role
Amount Amount of repair cost KRW Output
Building Age Age of the apartment complex at the time of repair Numeric/years Input
cost occurrence
Month Month in which repair cost occurred Categorical /1-12 Input
Repair location or purpose classified into six groups
1. Outside the building
2. Inside the building
Category 3. Electricity, f1.r.e .extmgmshmg, elevator and intelligent home Categorical/1-6 Input
network facilities
4. Water, gas, drainage and ventilation facilities
5. Heating and hot water facilities
6.  Outdoor auxiliary facilities and outdoor welfare facilities

The descriptive statistics of each variable are depicted in Table 2. From 2013 to 2023,
the average repair/maintenance cost for the residential facilities in the Seongnam com-
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plexes is reported to be 1.39 million KRW. The maximum repair/maintenance cost recorded
during this period is 15.89 million KRW. Figure 3 presents the distribution of input variables
using box plots, revealing notable insights into repair cost patterns. Analysis indicates that
specific variables correlate with higher outliers, suggesting frequent repairs. For instance,
residential buildings aged 19, 20, and 26 consistently exhibit higher repair needs (Figure 3a).
Similarly, months like January, February and December showed higher outliers, indicating
that a significant number of repair costs were involved during these periods (Figure 3b).
This observation suggests that a substantial number of repair incidents or maintenance ac-
tivities occurred during these months, potentially leading to higher repair cost figures. The
reasons behind this concentration of repair costs during specific months could be attributed
to various factors such as extreme weather conditions, increased usage or occupancy, sea-
sonal maintenance requirements, or specific events or incidents that necessitated repairs.
Additionally, the analysis revealed that certain residential facilities, such as electricity, fire
extinguishing, elevator, intelligent home network, outdoor auxiliary, and outdoor welfare
facilities, were consistently associated with higher outliers, indicating that the majority
of repaired costs were related to these specific facilities (Figure 3c). Conversely, repairs
for building interiors are less frequent, as evidenced by the absence of significant outliers.
These findings offer valuable guidance for resource allocation and maintenance decisions
in residential facilities.

Table 2. Summary of descriptive statistics for the variables analyzed in the study.

Variables N Mean Minimum Maximum Std. Deviation

Amount 2591 1,393,230.79 0.00 11,659,000.00 1,589,298.78

Building Age 2591 23.64 19.00 30.00 2.94

Month 2591 6.46 1.00 12.00 346

Category 2591 3.49 1.00 6.00 1.71
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Figure 3. Box-plot for input variables: (a) Building age, (b) Month and (c) Category. The red plus
signs represent outliers.

2.2. Methodology
2.2.1. Developing Deep Learning Algorithm Models and Data Processing

The collected repair cost data of residential facilities was analyzed utilizing a potent
combination of deep learning techniques, namely Recurrent Neural Networks (RNNS5s),
Long Short-Term Memory (LSTM), and Gated Recurrent Units (GRUs). These models excel
in handling sequential data and are particularly adept at time series prediction tasks. By
harnessing the distinctive capabilities of RNNs, LSTM, and GRUs, we could effectively
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capture the inherent characteristics of the repair cost data. This approach facilitated a
holistic comprehension and proficient modeling of the sequential structure of the data,
leading to precise predictions and valuable insights for residential facility repairs. The
repair cost data of residential facilities included in this study covers a 10-year period, and
there are temporal patterns and trends that can affect future repair costs, and repair costs
generally accrue over time. The costs are influenced by the sequence of maintenance or
repair events, making the data sequential in nature. In addition, repair costs at a given time
may differ from past repair costs, indicating that there are long-term dependencies in the
data. Moreover, since the relationship between repair costs and future repair costs may not
be linear, non-linear relationship modeling is needed in predictive models [21-23].

Recurrent Neural Networks (RNNs) are suitable for modeling sequential data and are
extensively applied for tasks such as time series forecasting. It processes data sequences
and maintains internal memory that can capture time dependencies [24]. Long Short-
Term Memory (LSTM) is a type of RNN that solves the vanishing gradient problem.
LSTMs introduce memory cells and gating mechanisms that enable information to be
selectively remembered or forgotten over time. LSTM is excellent at capturing long-term
data dependencies, making it effective in modeling the long-term repair cost sequences
used in this study [25]. Gated Recurrent Units (GRUs) are another RNN variant that
solves the vanishing gradient problem. GRUs have a simplified architecture compared
to LSTMs, with fewer gating mechanisms. It provides a balance between complexity and
efficiency when capturing time dependencies [25]. Therefore, the data was trained using
RNNSs, LSTM and GRUs, and Root Mean Square Error (RMSE), Mean Absolute Error
(MAE), and R squared values were calculated through the learned results, respectively,
and an optimization algorithm for this data was derived. RMSE, MAE, and R-squared are
generally adopted as standard evaluation metrics for evaluating artificial neural network
models [26,27]. MAE is the mean of the absolute differences between the actual and
predicted values, and the higher the MAE value, the higher the prediction error. RMSE is
an index that represents the residual between the actual value and the model’s predicted
value as one measured value, with the larger the RMSE value, the larger the prediction
error. The R-squared value represents the ratio of the variance of the dependent variable
that the independent variable can explain as 0 to 1.

For the input data, the repair cost values were converted using a log(1 + x) transforma-
tion prior to normalization. This approach allows zero-value observations to be retained
in the analysis without being discarded. Furthermore, as the repair cost data exhibit a
right-skewed distribution due to occasional high-cost repair events, the log(1 + x) transfor-
mation is highly effective in mitigating the influence of extreme outliers and enhancing the
stability of the model training process. Following this transformation, all input variables
were standardized using the z-score normalization method.

To fully leverage the recurrent architectures of the RNN, LSTM, and GRU models, the
records were not fed individually. Instead, the monthly repair cost records were grouped by
repair category and arranged in strict chronological order within each group. A 12-month
rolling window was then applied to construct the input sequences; specifically, the historical
data (lagged variables) from the preceding 12 months within the same category were used
as input features to predict the repair cost at time t. This explicitly structured sequential data
justifies the application of recurrent deep learning models capable of capturing long-term
temporal dependencies.

Finally, to prevent temporal data leakage and simulate a realistic forecasting scenario,
the dataset was partitioned using a strict chronological split rather than random shuffling.
The first 70% of the chronologically ordered data (representing the earlier segment of the
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timeline) was allocated for training, with 30% of this subset reserved for validation. The
remaining 30% of the entire timeline (the most recent segment) was designated as test data.

2.2.2. Model Set, Comparison and Validation

To develop an optimal model using deep learning algorithms, it is crucial to employ
simulation-based tuning through trial and error for the deep learning algorithms, opti-
mal network structure scenarios and hyperparameters [28]. RNNs, LSTM, and GRUs are
algorithms widely adopted in diverse domains, exhibiting remarkable performance in
analyzing and predicting sequential data, such as time series data. However, the structure
of these algorithms and the configuration of hyperparameters significantly influence the
predictive models. Thus, it is imperative to find the optimal network structure and hyper-
parameters to enhance the predictive capabilities and improve the predictive model’s per-
formance [29]. Network structure scenarios dictate the determination of nodes and layers.
Hyperparameters include the optimizer, batch size, activation function, and epochs, and
the determination of optimal components is achieved through various combinations [30].
In the process of constructing a deep learning predictive model, various combinations of
these hyperparameters and network structures are experimented with, and their impact
on the model’s performance is evaluated through simulation-based trial and error. This
iterative process aims to achieve the most efficient and accurate predictive model that can
effectively capture intricate patterns and dependencies in the data, leading to improved
predictive capabilities and overall model performance. During the simulation process, dif-
ferent configurations of deep learning algorithms are tested, including changes to network
architecture and hyperparameter settings, to assess their performance in handling various
complexities and characteristics of the dataset. This simulation-based tuning approach
helps in identifying the most suitable combination of network structures, such as the num-
ber of layers and nodes, and hyperparameters, like the choice of optimizer, batch size,
activation function and epochs, which collectively contribute to the overall performance
and generalization ability of the deep learning model. The aim of systematically exploring
and testing diverse scenarios is to optimize the network architecture and hyperparameters
to ensure that the deep learning model can effectively capture the underlying patterns and
trends in the data, thereby enhancing its predictive power and robustness across different
datasets and real-world applications.

An epoch indicates how many times the model repeats the training data, and one
epoch refers to the process of feeding the model with the entire training data set at one time.
The batch size determines the number of data samples used in each training step. Small
batch sizes provide fast training but can make the learning process unstable [12]. In this
study, the model was successfully trained on the data using 200 epochs and a batch size
of 5. The Activation Function helps the model learn and express non-linear relationships.
In this study, ReLU (Rectified Linear Unit) was adopted as the Activation Function. ReLU
plays a role in compensating for the limitations of the sigmoid function, sending the input
value as is if it is greater than 0 and outputting 0 if it is less than 0. This makes ReLU one of
the Activation Functions actively used in various deep-learning models [31]. The optimizer
is an algorithm that manages the learning rate and stability of the model and adjusts
the weights to adjust the model to minimize the loss function. Therefore, choosing the
appropriate optimizer is essential to improve the performance of deep learning models [32].
RMSprop, Adam, AdaGrad, and Adadelta each have their characteristics, and each of them
has a different impact on the model’s learning process. For example, RMSprop adjusts
the learning rate based on the second moment to uniformly regulate the update rate of
each parameter [33]. Adam is an adaptive learning rate algorithm, so the learning rate can
be adjusted for each parameter [34]. AdaGrad automatically adjusts the learning rate of
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each parameter based on its update history [35], while Adadelta stabilizes the optimization
process by adjusting the learning rate using only information about recent updates [36].
Each of these optimizers has its strengths and weaknesses, so it is critical to choose an
optimizer that meets the needs of your specific problem or model. Subsequently, in this
study, to identify the most suitable optimizer, Adam, RMSprop, AdaGrad, and Adadelta
optimization algorithms were simulated and assessed. Each optimizer was evaluated in
terms of its performance and effectiveness within the context of the study. After that,
the optimal optimizer was determined by comparing the results, i.e., MAE, RMSE, and
R-square obtained from these simulations, providing valuable insights into selecting the
most appropriate optimization algorithm for more accurately predicting repaired cost.

In addition to comparing the recurrent deep learning models, Linear Regression was
included as a conventional baseline model to provide an objective reference for model
performance. The baseline model was trained and evaluated under the same preprocessing
and data partitioning conditions as the proposed deep learning models, including the
12-month rolling window, log(1l + x) transformation, one-hot encoding of categorical
variables, z-score normalization, and chronological split. This comparison was conducted
to examine whether the proposed recurrent deep learning models provide improved
predictive performance compared with a simple linear model.

3. Results and Discussion
3.1. Results

In this study, a framework was proposed to develop a predictive model for the main-
tenance costs of residential facilities. Deep learning algorithms, including RNNs, LSTM,
and GRUs, were utilized to build these models. The dataset used for model development
consisted of repair costs and related residential facility properties and other factors (such
as building age, month in which maintenance costs were incurred, and categories- location
and purpose of the repair cost) collected over a span of approximately ten years, from 2013
to 2023, from an apartment complex in Seongnam. The study focused on predicting repair
costs through RNNs, LSTM, and GRUs by considering these various factors as input and re-
pair cost as output variables. Thereafter, four widely used optimization algorithms, namely
Adam, RMSprop, AdaGrad, and Adadelta, were simulated and evaluated to optimize the
performance of the predictive models. This assessment aimed to identify the most suitable
optimizer among the four options.

Table 3 demonstrates each model’s learning result values (MAE, RMSE, R-square)
according to the algorithm, optimizer and hidden layer. The model with the lowest MAE
and RMSE and the highest R-square value was selected as the final model among the
learning results. The learning results of each model are shown in Table 3. By comparing the
performance and results obtained from the simulations, we select the optimal optimization
algorithm that would yield the most accurate predictions of repair costs for residential
facilities. In the RNN model, the best performance was achieved when the optimizer was
RMSprop, with three hidden layers. The LSTM model also showed the best performance
when the optimizer was RMSprop and there were three hidden layers. For the GRU model,
the best performance was achieved when the optimizer was RMSprop, with two hidden
layers. Among them, the LSTM model showed the lowest MAE and RMSE values when
the optimizer was RMSprop, there were three hidden layers, and the R-square value was
also the highest.
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Table 3. Learning results for each model with different optimizers and hidden layers.

Algorithm Optimizer Hidden Layer MAE RMSE  R-Square
1 0.605 1.022 0.021

Adam 2 0.621 1.102 0.046

3 0.520 0.951 0.079

1 0.310 0.525 0.700

RMSprop 2 0.209 0.409 0.697

RNN 3 0.174 0.400 0.845
1 0.626 0.859 0.159

AdaGrad 2 0.553 0.812 0.308

3 0.580 0.895 0.184

1 0.995 1.238 0.010

Adadelta 2 0.757 0.985 0.034

3 0.738 1.053 0.057

1 0.509 0.824 0.221

Adam 2 0.616 1.063 0.087

3 0.621 1.101 0.020

1 0.373 0.620 0.597

RMSprop 2 0.231 0.450 0.775

LSTM 3 0.183 0.379 0.895
1 0.570 0.818 0.199

AdaGrad 2 0.575 0.824 0.311

3 0.575 0.868 0.214

1 0.845 1.128 0.007

Adadelta 2 0.753 1.066 0.062

3 0.696 1.017 0.073

1 0.557 0.848 0.260

Adam 2 0.527 0.915 0.153

3 0.622 1.107 0.032

1 0.346 0.571 0.645

RMSprop 2 0.223 0.435 0.837

GRU 3 0.206 0.415 0.780
1 0.550 0.775 0.324

AdaGrad 2 0.563 0.833 0.302

3 0.595 0.916 0.028

1 0.763 0.987 0.071

Adadelta 2 0.798 1.189 0.088

3 0.711 1.026 0.076

In order to validate each model, the predicted results under the best performance
conditions of each algorithm were compared with the actual values. The comparison of the
predicted and actual results under conditions representing the peak performance of each
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Target and Outputs

model is shown in Figure 4. By verifying this comparison, the reliability and accuracy of the
model were confirmed so that it could be used for performance evaluation. As depicted in
Figure 4, the predicted results of each algorithm’s model under best performance conditions
closely resemble the actual values, indicating high reliability and accuracy in the model
predictions. Among them, the LSTM model with the best performance was selected as the
final model. The configuration of the final model is presented in Table 4.

T
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Figure 4. Best learning results for each model.

Table 4. Final model configuration.

Configuration Details
Algorithm LSTM
Network Node 3
structure Layer 48-64-80
Optimizer RMSprop

Activation Function Rectified Linear

Hyper Parameter Unit function
Batch Size 5
Epoch 200

To provide an objective evaluation of the proposed deep learning models, Linear
Regression was included as a baseline model and evaluated under identical preprocessing
and data partitioning conditions. The Linear Regression baseline yielded an MAE of 0.953,
RMSE of 1.165, and R? of 0.089 in the standardized log scale, substantially underperforming
the final LSTM model (MAE: 0.183, RMSE: 0.379, RZ: 0.895). This result indicates that the
residential repair cost data encompasses temporal recurrence, category-specific variability,
and non-linear aging-related patterns that cannot be adequately captured by a simple
linear model.

Specifically, the predicted values on the standardized log scale 2; were first de-
standardized and then exponentiated to revert to the original scale §; y gy using the mean
Utrain and standard deviation oiy,in of the training dataset, as defined in Equation (1):

Vi KRw = exp(2i X Otrain + Mirain) — 1 (1)

As summarized in Table 5, the LR baseline resulted in an MAEggrw of 1,290,148 KRW
and an RMSEKRW of 2,180,262 KRW. Crucially, the final LSTM model substantially reduced
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these errors to an MAEggrw of 480,000 KRW and an RMSEKRW of 890,000 KRW. These
results confirm that the proposed LSTM framework achieves superior predictive accuracy
on both the mathematical and actual monetary scales, validating its utility for practical

budget planning.
Table 5. Performance comparison of baseline and deep learning models in standardized log scale
and original KRW scale.
MAE RMSE
2
Model MAE RMSE R (KRW) (KRW)
Linear Regression 0.953 1.165 0.089 1,290,148 2,180,262
Final LSTM model 0.183 0.379 0.895 480,000 890,000

The model’s generalization ability was assessed by comparing the prediction results
of the validation and test datasets, as demonstrated in Table 6. The validation dataset is
used to evaluate the model’s performance during training and serves as a means to identify
any potential overfitting issues. Overfitting occurs when a model overfits the training data,
resulting in difficulty in generalizing to new data, ultimately compromising the model’s
predictive performance and overall reliability. Table 5 presents the comparison of the results
of the validation dataset and the test dataset. The validation dataset exhibits a MAE value
of 0.206, indicating the average absolute difference between the predicted and actual values.
Additionally, the Root Mean Squared Error (RMSE) value for the validation dataset is 0.464,
representing the square root of the average squared differences between the predicted and
actual values. On the other hand, the test dataset produces an MAE of 0.236, indicating a
slightly higher average absolute difference compared to the validation dataset. Similarly,
the RMSE for the test dataset is 0.523, reflecting a slightly higher average squared difference
between the predicted and actual values compared to the validation dataset. These metrics
provide valuable insights into the accuracy and performance of the predictive model on
both the validation and test datasets. Consequently, the minimal discrepancy between the
results of the validation and test datasets indicates the absence of significant overfitting
issues, confirming the validity of the final model for application to new datasets.

Table 6. Comparison of model performance on the validation and test datasets.

Dataset MAE RMSE
Validation 0.206 0.464
Test 0.236 0.523

Furthermore, to examine the stability of the final LSTM model and ensure that the
results were not overly reliant on random initialization, the training process was repeated
five times using different random seeds. Table 7 summarizes the performance metrics
across these multiple runs. The results of these repeated experiments yielded a mean
MAE of 0.185, a mean RMSE of 0.391, and a mean R-square of 0.857 on the test dataset.
The standard deviations for each metric were consistently small, recorded at 0.005, 0.008,
and 0.006, respectively. This demonstrates that the predictive performance of the final
model is not heavily dependent on the initial weight setup and is remained stable across all
five runs.
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Table 7. Performance stability of the final LSTM model across multiple runs with different
random seeds.

Run Random Seed MAE RMSE R?

1 1 0.181 0.385 0.862

2 7 0.186 0.393 0.856

3 21 0.192 0.402 0.850

4 42 0.178 0.379 0.865

5 100 0.189 0.398 0.853
Mean - 0.185 0.391 0.857
Std. Dev. - 0.005 0.008 0.006

To examine the predictive characteristics of the final LSTM model in more detail, an
error analysis was conducted by repair category and building age group. In the category-
based analysis, errors were calculated based on the six repair categories. For the building
age-based analysis, the ages were divided into four age bands: 19-21 years, 22-24 years,
25-27 years, and 28-30 years. This grouping strategy was employed to mitigate interpreta-
tional instability caused by differences in sample sizes for individual ages. As shown in
Table 8, the category analysis revealed that Category 2 (Inside the building) and Category 4
(Water, gas, drainage and ventilation facilities) showed relatively low errors, demonstrating
stable predictive performance. Conversely, Category 3 (Electricity, fire extinguishing, eleva-
tor and intelligent home network facilities) showed the highest RMSE. This is interpreted
as being due to the inclusion of high-cost or irregular equipment maintenance items in
this category.

Table 8. Error analysis of the final LSTM model by repair category.

Category MAE RMSE
1. Outside the building 0.194 0.406
Inside the building 0.148 0.322
3. Electricity, fi‘r.e .extinguishing, elevator and intelligent home 0237 0.498
network facilities
4. Water, gas, drainage and ventilation facilities 0.163 0.356
5. Heating and hot water facilities 0.179 0.380
6.  Outdoor auxiliary facilities and outdoor welfare facilities 0.197 0.418

Furthermore, in the analysis by building age band (Table 9), a clear increasing trend
in prediction errors was observed across the age bands. The 19-21 year band showed the
lowest errors (MAE: 0.168, RMSE: 0.356), while errors progressively increased through the
22-24 year band (MAE: 0.176, RMSE: 0.373) and the 25-27 year band (MAE: 0.188, RMSE:
0.394), reaching the highest values in the 28-30 year band (MAE: 0.219, RMSE: 0.456).
This trend is likely attributable to the fact that as buildings age, the occurrence of repair
costs becomes more irregular and the likelihood of large-scale repairs increases. Therefore,
the error analysis by category and building age reveals predictive characteristics and
limitations of the model that are difficult to identify from the overall MAE and RMSE alone,
suggesting the need for category-specific or aging-stage-specific model improvements in
future research.
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Table 9. Error analysis of the final LSTM model by building age band.
Building Age Band MAE RMSE
19-21 years 0.168 0.356
22-24 years 0.176 0.373
25-27 years 0.188 0.394
28-30 years 0.219 0.456

3.2. Discussion

This research proposed a framework for developing a predictive model of the mainte-
nance costs of a residential facility using deep learning algorithms (RNNs, LSTM, GRUs).
Actual records of maintenance costs of a residential facility were utilized to collect data,
while data on maintenance costs incurred in actual residential facilities were collected and
classified into different variables. In order to develop optimal models for learning input
and output variables for each algorithm model, simulations were conducted by varying
network scenarios and hyperparameters, followed by a comparative analysis of the results.
The study’s findings indicated that the LSTM model, specifically using RMSprop as the
optimizer and three hidden layers, demonstrated notably superior performance compared
to other models, ultimately leading to its selection as the final model. A validation process
was conducted to confirm the reliability of the selected final model, which involved compar-
ing and verifying the predicted results with the actual values of the learning dataset, which
revealed a significantly high degree of similarity between them. Furthermore, comparing
prediction results between validation data and test data was employed to check for any
overfitting issues and thoroughly assess the model’s reliability and generalizability.

The proposed framework demonstrates practical applicability within the residential
facility management domain. Based on the error analysis presented in Section 3.1, facility
managers can develop more targeted and efficient maintenance strategies. By recognizing
that the largest prediction errors occur in the Electricity, fire extinguishing, elevator and
intelligent home network facilities category, which recorded the highest RMSE of 0.498,
managers can acknowledge the high-cost variability inherent in this category and proac-
tively allocate greater contingency reserves for the associated systems. Conversely, for
categories in which the model demonstrates high predictive accuracy, such as Inside the
building (RMSE: 0.322) and Water, gas, drainage and ventilation facilities (RMSE: 0.356),
repair budgets can be planned with greater precision without the need for excessive buffer
funds. Translating model performance analysis into operational decision-making in this
manner clearly illustrates the practical value of the proposed model in optimizing resource
allocation for residential facility management. The potential for broader application to
other building types, such as commercial or public facilities, remains a direction for future
research, contingent on the availability of comparable longitudinal repair cost datasets.

Several limitations of this study should be acknowledged. First, the proposed model
was developed and validated using repair cost data from a single residential complex
constructed in 1994. Although this complex represents a large-scale residential facility
built during South Korea’s first-generation new town development period, the dataset
reflects the characteristics of one specific complex, including its construction type, scale,
age, management history, and regional context. Therefore, the generalizability of the
proposed framework to other residential complexes cannot be assumed without further
validation. Accordingly, this study should be regarded as a foundational proof-of-concept
for applying recurrent deep learning models to repair cost prediction in aging residential
facilities. Future research should collect multi-site data from different regions, construction
periods, types of building group, and management conditions to externally validate and
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extend the proposed framework. Incorporating additional explanatory variables may also
improve predictive accuracy and model interpretability.

Second, because the LSTM architecture is inherently a complex black-box model whose
prediction results are derived from intricate internal interactions, the interpretability of
its outputs remains limited. The integration of Explainable AI (XAI) techniques would
address this limitation by providing users and stakeholders with transparent explanations
of the underlying decision-making process [37]. For instance, XAI methods such as SHAP
(SHapley Additive exPlanations) can systematically identify the input features with the
greatest impact on predictions and clarify the specific sequence segments the model relies on
most heavily. This transparency would not only enhance the reliability and accountability
of the model but also facilitate its practical adoption in facility management contexts where
regulatory compliance regarding algorithmic transparency is required.

4. Conclusions

This study proposed a deep learning-based framework for predicting repair costs of
residential facilities using a 10-year empirical dataset collected from a large-scale apart-
ment complex. Three recurrent deep learning architectures (RNNs, LSTM, and GRUs)
were adopted and systematically evaluated across multiple optimizer and hidden layer
configurations. Among these, the LSTM model with the RMSprop optimizer and three
hidden layers achieved the best predictive performance, yielding a MAE of 0.183, a RMSE
of 0.379, and an R? of 0.895 on the standardized log scale. These metrics correspond to an
inverse-transformed practical error of 480,000 KRW for MAE and 890,000 KRW for RMSE.
Comparisons with a Linear Regression baseline confirmed that the recurrent deep learning
approach effectively captures the temporal dependencies and non-linear cost patterns that
simpler models cannot adequately represent.

The primary distinction of this research lies in bridging advanced deep learning
algorithms with the residential facility management domain. While predictive maintenance
has been extensively studied within large-scale civil infrastructure, this study presents a
tailored, data-driven tool specifically designed to address the highly variable nature of
residential repair expenditures. The proposed framework can assist facility managers in
optimizing resource allocation, proactively planning contingency reserves, and enhancing
the overall sustainability of residential environments.

The key contributions of this study are threefold. First, it provides an empirically
grounded cost prediction framework developed specifically for residential facilities, an
area that has received comparatively limited attention in the facility management literature.
Second, the construction of category-specific temporal input sequences via a 12-month
rolling window offers a transparent methodological approach to leveraging the recurrent
structures of RNN, LSTM, and GRU networks for this specific forecasting task. Third,
the detailed error analysis categorized by repair type and building age group reveals that
prediction difficulty varies systematically, providing actionable, data-driven guidance for
practical maintenance budget planning.

However, the findings must be interpreted in light of certain limitations. Because
the model was trained and validated on data from a single residential complex with a
specific construction type, scale, and regional context, its universal applicability to buildings
with substantially different characteristics cannot be assumed without further empirical
validation. Future research should prioritize expanding this framework using multi-center
datasets collected from various complexes across different regions, construction periods,
and building types. Furthermore, subsequent studies should explore the integration of
additional explanatory variables and Explainable AI (XAI) techniques to further improve
predictive accuracy and ensure algorithmic transparency.
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