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Abstract: Since the 2000s, the demand for enhancing the quality of life of Korean apartment complexes
has led to the development of units with diverse outdoor spaces. Analyzing these complexes requires
detailed layout data, which are challenging to obtain from construction drawings. This study
addresses this issue using the Roboflow map API to collect data based on apartment complex
addresses. The dataset, categorized into seven classes, trained a YOLOv8s-seg segmentation model,
which was evaluated by precision, recall, and mAP values per class. Detection performance was
generally high, although vehicle roads and welfare facilities posed challenges. Segmenting complexes,
analyzing main building layouts, and classifying based on period, household count, and regional
shape are potential applications. This study is significant because it secured a dataset of layout
drawings through maps, a challenging feat given the difficulty in obtaining actual completion
blueprints of apartment complexes. However, discrepancies existed between the mapped layouts
and the actual blueprints, which caused certain errors; this represents a limitation of the study.
Nevertheless, the apartment complex layout analysis model derived from this study is expected to be
useful for various future research projects. We anticipate that further studies will be able to conduct
architectural planning research on apartment complexes based on an improved analysis model.

Keywords: deep learning; YOLOv8; image segmentation; apartment complex

1. Introduction

Living arrangements in South Korea can be broadly classified into single-family
housing, multi-unit housing (including apartments, row houses, and multi-family houses),
non-residential buildings with residential units, and officetels. Apartments were introduced
as a representative housing type in Korea to address the housing shortage due to the
increasing population and urban density in the Seoul metropolitan area. Since the late
1990s, apartment designs—previously focused on quantitative supply aimed at achieving
the most efficient layout of complexes—have shifted focus to qualitative supply owing to
rising living standards. Consequently, the demand for luxury apartments and differentiated
apartment designs has increased.

The evolution of apartment complexes in South Korea reflects significant changes in
residential culture, driven by economic and policy shifts over the decades. In the 1970s, the
development of high-rise and large-scale apartment complexes began with the Yeouido
pilot apartment project. The 1980s saw planned urban residential development and the
introduction of the Land Development Promotion Act [1]. The 1990s witnessed high-
density and high-rise apartment construction, driven by new town policies [2]. In the 2000s,
apartment branding was introduced, along with a price cap system to regulate the real
estate market. By the 2010s, with the housing supply rate exceeding 100%, and the majority
of the population residing in apartments, there was a focused effort to stabilize the housing
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market and revitalize old downtown areas and aging residential zones through the Urban
Regeneration New Deal policy [3]. These changes reflect the evolution of South Korea’s
residential culture, illustrating how apartment design and functionality have adapted to
economic and social contexts.

Apartment complexes are designed with the main buildings placed within the site,
forming the skeleton of the complex. Consequently, boundaries between residential and
outdoor spaces are formed, marking the facilities and outdoor spaces within and outside
dedicated spaces for the residents. An apartment complex typically includes main build-
ings, where resident families can live, as well as auxiliary and welfare facilities for the
convenience of residents. Other spaces within the complex include rest and exercise areas
between buildings, walkways connecting buildings and entrances, children’s playgrounds,
and green spaces such as outdoor lawns [4].

An apartment complex is an assembly of habitable main buildings and outdoor spaces.
Outdoor spaces and facilities within the apartment complex are freely accessible to the
residents. The routes from the entrances of the complex to individual units are comfortably
managed, offering convenience and safe spaces for movement. In the initial designs of
multi-unit housing complexes, outdoor spaces were primarily utilized as above-ground
parking lots without consideration for the pleasant use of outdoor spaces. However, with
the increasing demand for better use of outdoor spaces, the design of specialized outdoor
spaces is considered to be as important as the design of individual housing units. In
particular, planners have made efforts to increase the brand value of apartments through
specialized outdoor plans such as large central plazas that are used as rest and leisure
spaces for residents and are also used as landmarks. The specialized design of outdoor
spaces has, in turn, led to an increase in living costs [5,6].

Analyzing multi-family housing complexes is essential to understanding their elemen-
tal interactions and requires a comprehensive planning approach. However, the design
of these complexes has traditionally relied on the designers’ experience and conditions,
leading to a passive and time-consuming process. Moreover, there is insufficient objec-
tive information on multi-family housing trends and limited resources for analyzing and
utilizing extensive data, restricting the analysis to a simple classification. Therefore, the
introduction of artificial intelligence (AI) technology is necessary to reflect the changes in
multi-family housing and modern trends in major data analysis and objective planning.
This could further improve residents’ living environments and reduce unnecessary time
and costs involved in complex planning.

According to the 2024 report on AI by the Royal Institute of British Architects (RIBA),
a survey of over 500 RIBA members showed that 41% are already using AI technology,
with 43% reporting that AI has enhanced the efficiency of the design process. The question
is no longer “whether to use AI” but “how to use AI” in the architectural field [7].

Based on this background, as shown in Figure 1, this study analyzes apartment com-
plexes using a deep learning approach. This deep-learning-based approach automatically
learns hierarchical features from raw data and adjusts these features to reduce the time
spent on the data collection and analysis of apartment complexes. Furthermore, by analyz-
ing the components within an apartment complex, this study establishes a foundation for
deriving optimal layout solutions, thereby increasing residential satisfaction, and enhancing
the design performance of builders.
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2. Related Work
2.1. Apartment Complex Plan

An apartment complex incorporates artificial planning into the physical environment
to improve human habitation, living standards, and the natural environment within a
region, while harmonizing spatial structure, the needs of the residents, and social percep-
tions. It involves designing and integrating environmental elements like street networks,
green spaces, residential buildings, community facilities, parking lots, distances between
buildings, privacy, noise, and views. The complex, housing, and users are considered
interrelated components of the residential area. Thus, the planning takes into account
the land and population size, income, living standards, and the natural environment and
functional division of the region, applying density, volume, form, function, and patterns to
create a balanced environment [5,6].

Complex planning is preliminary to individual building plans, wherein the targets are
clearly defined, and the goals and contents of the plan are detailed and specified. Complex
planning includes creating frameworks for architecture, civil engineering, and landscaping
based on the standards set by preceding steps such as urban planning (which sets the
planning goals for the complex) [8].

The spatial composition of an apartment complex is divided into residential buildings,
welfare facilities, circulation plans, and outdoor spaces. Planning for welfare facilities
involves selecting the size and location of shopping centers and kindergartens while
considering the accessibility, recognizability, and efficiency of the arrangement. Circulation
plans are divided into pedestrian and vehicle circulation plans. Pedestrian pathways are
linked to the outdoor space plan and should ensure comfort and safety, whereas vehicle
pathways should consider connectivity with the main roads outside the complex, functional
efficiency, and effective access to each main building and parking lot. Outdoor spaces, such
as plazas, yards, and pedestrian areas, should promote community within the complex [8].

2.2. Image Segmentation

Convolutional neural networks (CNNs) are a type of deep neural network and are
most commonly used for image analysis [9]. Before the advent of deep learning, object
detection involved multiple stages, including outline detection and feature extraction.
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CNNs consistently outperform traditional classification algorithms and have been used for
object detection, classification, and segmentation.

Object detection identifies objects within an image and determines their location and
size. The objects are indicated by labels that include a bounding box for each object and the
predicted class inside the object [10]. Subsequently, the algorithm compares images with
existing object templates to detect objects within the image and ascertain their locations [11].

Image segmentation, an extension of image classification, is a computer vision tech-
nology that is used to classify information within an image. Image segmentation can also
be used to comprehend the image contents at the pixel level. It performs a variety of tasks,
from individual object detection to assigning individual labels to different areas within the
image, thereby marking the boundaries of objects with contours to locate and identify the
objects. Image segmentation in machine learning involves separating the data into individ-
ual groups. In deep learning, image segmentation involves creating a segment map that
links every pixel of the image with a label or category; this is similar to the way in which
autonomous vehicles identify vehicles, pedestrians, traffic signs, and other road elements.
Segmentation is a core machine learning technique that enables data to be divided into
groups with similar features, improving the accuracy, efficiency, and performance of AI
models. Segmentation types, principles, and models have evolved from object detection to
semantic segmentation to instance segmentation.

Image segmentation divides an image into multiple segments to simplify its repre-
sentation for detailed analysis; it is also used to locate objects within the image. Semantic
segmentation classifies objects belonging to the same class at the pixel level. It distinguishes
between different classes but does not consider the individuality of multiple objects within
the same class [12]. Semantic segmentation has numerous applications, including in the
medical field.

Instance segmentation combines object detection and semantic segmentation to clas-
sify objects by creating boundary boxes with classifications and masks for the objects. A
common approach to instance segmentation involves object detection followed by segment-
ing the objects within the bounding box, or, alternatively, image segmentation followed by
instance separation through object detection, combining various network structures [13].

Models implementing image segmentation have evolved from deep learning-based
technologies with fully convolutional networks [14] into various technologies such as
U-Net [15], DeepLab [16], PSPNet [17], SegNet [18], Mask R-CNN [19], and You only look
once (YOLO).

Mask R-CNN, which is based on the Faster R-CNN object detection model, is a widely
used model that implements both image segmentation and object detection [20]. For
example, it was developed for segmentation and achieved high-level object detection and
bounding box prediction [19] on the COCO dataset [21].

YOLO is a fast, accurate, and stable object detection model that is being continu-
ously improved. YOLO was primarily designed to detect and locate objects within im-
ages. YOLOv8, which was released recently, aims to improve results through changes
in the structure and architecture of previous YOLO versions. YOLOv8 is a fast, accurate,
and user-friendly model for a wide range of object detection, image segmentation, and
classification tasks.

Numerous studies have compared the performances of Mask R-CNN and YOLO. For
instance, in segmentation, YOLO outperforms Mask R-CNN in terms of accuracy and
speed [22,23]. Moreover, other deep learning algorithms, like YOLOv5, YOLOv7, and
YOLOv8, are effective in detecting and masking objects [24].

In this study, the YOLO model was employed for image segmentation owing to its high
processing speed and accuracy, which are particularly advantageous for real-time image
processing compared to other segmentation techniques. Furthermore, the YOLO model
effectively recognizes and classifies complex architectural layouts, making it exceptionally
suitable for architectural image analysis.
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2.3. Trends in Architecture Using Deep Learning

Understanding the layout and design of architectural spaces necessitates the thorough
analysis of graphical representations like floor plans; CNNs excel at this task due to their
adeptness at evaluating two-dimensional imagery. This proficiency makes them ideal for
studies aiming to transform floor plans or visibility graphs into multidimensional spatial
grids. A pioneering study in this field, ArchiGAN, utilized deep learning to innovate
in the design of apartment layouts. This model, trained with data from Boston’s apart-
ment layouts, is capable of automatically designing the overall building structure, the
arrangement of individual units, the organization of spaces within those units, and the
placement of furniture, all of which reflect the unique conditions of the site. The core of
ArchiGAN is built on the principles of generative adversarial networks (GANs), integrating
a discriminator that differentiates real layouts from simulated ones, and a generator that
crafts credible plans capable of fooling the discriminator. This reciprocal training uncovers
hidden patterns within architectural design data [25]. Furthermore, a separate investiga-
tion developed a deep-learning-driven algorithm capable of recognizing floor plans and
converting extensive blueprint data into graph-based diagrams, from which the algorithm
autonomously deduced spatial arrangements. This groundbreaking approach enabled
the creation of a model capable of suggesting architectural space relationships, which is
invaluable during a project’s planning phase [26].

Previous research has indicated that instance segmentation is the most suitable method
for detecting objects within an image. Therefore, developing an object segmentation model
is essential for deriving the spatial components of apartment complexes. Similarly, in the
field of architecture, deep learning has begun to be applied in various ways, although
research has predominantly focused on analyzing floor plans for individual units. In this
study, the performances of the YOLOv5, YOLOv7, and YOLOv8 models under identical
experimental conditions were compared. The best-performing model was then used,
as an example, for the segmentation of Korean apartment complexes. The results were
then evaluated.

YOLOv8 is particularly suitable for use in the architectural field because it maintains
high performance with high-resolution images. This model efficiently processes large-scale
architectural data and accurately identifies complex architectural elements. Therefore, it
effectively handles various scenarios that may arise during the architectural design and
planning processes, significantly enhancing project time efficiency and accuracy.

3. Materials and Methods
3.1. Apartment Complex Dataset
3.1.1. Scope of Apartment Complexes

In Korea, apartment complexes with at least 100 households are required to publicly
disclose their management fees, according to public housing management laws. Accord-
ingly, the apartment complex data for this study were obtained from the Public Housing
Management Information System (K-apt). The data contain information on each apartment
complex, including the address, year of completion, number of households, number of
buildings, and number of floors [27]. Therefore, this study selected apartment complexes
among the over 18,000 multi-unit housing complexes nationwide, limiting the scope to
apartment complexes with at least 300 households, which are legally required to have facil-
ities such as senior citizen centers, playgrounds, daycare centers, and community facilities.

3.1.2. Composition of Apartment Complexes

An apartment complex is divided into residential buildings and welfare facilities,
circulation plans, and outdoor spaces, according to the complex plan. Residential buildings
involve placement within the site boundaries; welfare facilities include shopping centers,
daycare centers, and senior citizen centers; circulation plans cover walkways, roads, and
above and below-ground parking lots; and outdoor spaces are divided into playgrounds,
exercise areas, rest areas, etc. [3].
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Thus, apartment complexes comprise different spaces and facilities for convenience
and cultural life and are planned with accessibility and comfort in mind. The composition
of an apartment complex can be identified from a map at a level similar to the final
drawings. Thus, the planning of residential buildings, welfare facilities, circulation, and
outdoor spaces can be analyzed based on information provided by a map API. The map
API includes various index treatments for enhanced visibility and improved accessibility.
Therefore, in this study, the apartment complex layout data were obtained using a map
API. The maps obtained, and the final drawings of the complexes, are largely similar, and
obtaining the maps is easier than acquiring the final drawings.

3.2. Dataset and Preprocessing
3.2.1. Image Acquisition

The apartment complex layouts were extracted using the KakaoMap (Kakao Corp.,
Jeju, Republic of Korea) [28] map API. KakaoMap is a map service commonly used in Korea
and is similar to Google Maps (Google Inc., Mountain View, CA, USA) [29]. As shown in
Figure 2, the map includes information on complex boundaries, main building placement,
playgrounds, badminton courts, waterside spaces, roads, sidewalks, and parking lots.
The addresses of complexes provided by the K-apt data were entered into KakaoMap;
the complexes were saved as images to obtain map files for each complex. The layouts
of apartment complexes were obtained by cropping the boundaries of the complexes to
eliminate unnecessary information. The map service displays boundaries corresponding
to each address in pink, based on national cadastral maps. However, these boundaries
differed slightly from the actual site boundaries. Areas where the complex boundaries were
not clearly defined were exception-handled, and the data were refined. The database used
in this study was constructed in a previous study, and the details can be found in ref. [30].
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3.2.2. Data Annotation

A total of 1054 apartment complexes with clear and diverse outdoor spaces were
selected to build the dataset. Original images were annotated using the Roboflow API
(Roboflow, Des Moines, IA, USA) [31] for image segmentation (which is based on the
YOLOv8 network model). As shown in Figure 3, the following seven classes were labeled:
apartment, basement entry, boundary, outdoor space, parking lot, vehicle road, and welfare.
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Figure 3. Apartment complex dataset obtained using maps: (a) example of map source data; and
(b) example of map image labeling according to class distribution.

The components in the dataset were labeled as follows:

(a) Label 1 represents the main buildings within the apartment complex, segmented to fit
the shape;

(b) Label 2 represents the basement parking entrance, connected to vehicle roads within
the complex, and is indicated by hatching on the map;

(c) Label 3 represents the complex boundary, which corresponds to the cadastral bound-
ary displayed when the address is entered on the map;

(d) Label 4 represents outdoor space, including playgrounds, badminton courts, exercise
areas, and rest spaces;

(e) Label 5 represents above-ground parking lots within the complex; these correspond
to the series of rectangles on the map;

(f) Label 6 represents vehicle pathways within the complex for vehicle circulation;
(g) Label 7 represents welfare facilities such as daycare centers, kindergartens, senior

centers, and shopping centers.

3.2.3. Data Augmentation

Data augmentation refers to techniques that increase the size of the dataset. Deep
learning models tend to perform better as the size of the dataset increases, and data aug-
mentation is an important strategy to expand the training dataset [32]. Data augmentation
includes the generation of additional data via the rotation, tilting, flipping, and shifting
of the original image. In particular, data augmentation through image transformation can
enhance the ability of the model to generalize learning to new images [33].

In this study, all images were resized to 640 × 640 pixels, the required size for the pre-
trained model. The resizing was performed using Python code, maintaining the original
aspect ratio of the images to prevent distortion and ensure that the model accurately
understands the shape and structure of the objects. This method prevents distortion
and enables the model to accurately understand the shapes and structures of the objects.
Resizing was automated via scripts to ensure consistent input sizes across all training data,
which is critical to prevent overfitting and to enhance the model’s consistency and accuracy.
This approach also ensures standardization of the data, which is crucial for optimizing the
model’s performance. Utilizing images with lower resolutions than this pixel size could
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result in the insufficient capture of details and information loss, potentially degrading the
model’s performance and reliability.

Data augmentation was employed to enhance the model’s learning performance and
generalization ability. This technique introduces variability without altering the intrinsic
properties of the objects within the images, thereby assisting the model in better recognizing
the structures and features of objects. Specifically, the dataset’s diversity was enriched
by applying horizontal or vertical flips to the images, enabling the model to recognize
objects regardless of their orientation. Additionally, approximately 25% of the images were
converted to grayscale to facilitate efficient object recognition, particularly in scenarios
where color information is less critical. Adjusting the saturation and brightness by ±25%
further ensures that the model can accurately identify objects under varying lighting
conditions. These operations are illustrated in Figure 4 and summarized in Table 1.
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Table 1. Operations implemented on the dataset.

Techniques Used Value

Flipping Horizontal, vertical
Grayscale 25% of images
Saturation Between −25% and +25%
Brightness Between −25% and +25%

Data augmentation techniques enhanced the model’s generalization capabilities. By
applying transformations such as rotations, tilting, flipping, and shifting to the images,
diversity within the data was increased, aiding the model in accurately learning and
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predicting new images. Data augmentation is particularly essential when considering the
complexity and variety of architectural images, as it ensures consistency and accuracy in
the model’s performance.

3.3. Research Methods
3.3.1. Comparison with YOLO Segmentation Models

YOLO is usually composed of a head and a backbone, which is the basic structure of
an object detector. The backbone extracts the feature map of the image, and the head finds
the location of the objects based on these results, thereby enabling classification. This is a
significant advantage of the structure [34].

In this study, YOLO models were used to analyze apartment complexes through
instance segmentation, and the performances of YOLOv5, YOLOv7, and YOLOv8 were
compared. According to performance benchmark data that considered the number of
parameters and inference speed, YOLOv8 was generally superior in terms of accuracy and
speed (Figure 5) [35]. YOLOv5, YOLOv7, and YOLOv8 instance segmentation models
in this study were implemented based on the constructed dataset, and each model was
trained under identical experimental conditions.
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Figure 5. Performance benchmark of the YOLO model [3].

The results of the comparison between different YOLO models are shown in Table 2.
YOLOv5 is a lightweight model with fewer parameters and a shorter inference time that
allows for quick analysis. However, its overall metrics, such as precision, recall, and mean
average precision (mAP), are lower. Although YOLOv7 has a shorter inference time than
YOLOv8 and similar overall metrics, the higher number of parameters in YOLOv7 can
affect the learning process and could lead to divergence instead of convergence. YOLOv8,
despite the relatively long inference time, has fewer parameters and exhibits superior
overall performance metrics. During the planning and execution phases of this study, the
latest version available was YOLOv8, which incorporated the most advanced technology
and had been verified for stability. While newer versions such as YOLOv9 and YOLOv10
have since been released, YOLOv8 was utilized for this study.

Table 2. Comparison of performance of different YOLO models for apartment complex analysis.

No. Model Parameters
(Millions) GFLOPs Inference

Time (ms) Precision Recall mAP@0.5 mAP
@0.5:0.95

1 YOLOv5 7.4 26.0 11.9 0.817 0.772 0.783 0.534

2 YOLOv7 37.9 142.7 31.0 0.831 0.792 0.803 0.573

3 YOLOv8 11.8 42.5 17.1 0.825 0.814 0.832 0.623

Image size: 640 × 640; learning: 0.01; momentum: 0.937; decay: 0.0005; batch: 8; epoch: 10
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This study compared the performances of the YOLOv5, YOLOv7, and YOLOv8 models.
Performance evaluations demonstrated that YOLOv8 was superior in terms of accuracy and
processing speed. This model provides faster recognition capabilities and higher accuracy,
especially with high-resolution architectural images, making it the most suitable choice for
this study.

3.3.2. YOLOv8 Model

The main feature of YOLOv8 is extensibility. YOLOv8 is designed as a framework
that supports all previous versions of YOLO, making it easier to switch between different
versions and compare their performance. YOLOv8 includes a new backbone network, a
new anchor-free detection head, and a new loss function. It runs efficiently on various
hardware platforms, from CPUs to GPUs, and the performance is faster and more accurate
than those of previous versions [36,37].

The YOLOv8 segmentation model was pre-trained on the COCO dataset; these weights
serve as the starting point for all custom dataset training. The head of YOLOv8 consists
of multiple convolutional layers, followed by a series of fully connected layers. YOLOv8
uses an anchor-free model with a decoupled head to independently perform objectness,
classification, and regression tasks. This design enables each branch to focus on its task and
improves the overall accuracy of the model. The structure of the YOLOv8 network used in
this study is shown in Figure 6.
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YOLOv8 uses the complete intersection over union loss [38] and distribution focal loss
(DFL) [39] for bounding box loss and binary cross-entropy for classification loss. Bounding
box loss measures the error in predicted box coordinates and dimensions compared to the
ground truth. Segmentation loss assesses the dissimilarity between predicted and ground-
truth masks. Classification loss quantifies the error in predicted class probabilities. DFL,
a recent addition, addresses class imbalance by giving more importance to less frequent
classes. The overall loss is usually a weighted sum of these individual losses.

4. Model Training and Evaluation
4.1. Model Training and Validation

Herein, apartment complexes in Korea with at least 300 households were selected,
and the dataset comprising the layouts of these complexes was obtained using a map API.
The layout data were labeled using the Roboflow API annotation tool for the following
seven classes of apartment complex components: main buildings, underground parking
entrances, complex boundaries, outdoor spaces, above-ground parking lots, vehicle roads,
and welfare facilities. Typically, labeling involves manually inspecting the outlines of each
object in an image, a process known for its time-consuming nature. However, this study
streamlined the process using the Roboflow labeling tool to save time. By employing
Roboflow’s Smart polygon tool, researchers could simply drag and drop to select objects
within images and automatically detect their outlines for labeling. This approach enabled
three researchers to complete dataset labeling within a mere 10 days, capitalizing on the
tool’s ease of use for precise segmentation and efficient labeling. YOLOv8s-seg, a small-
sized segmentation model with over 11 million parameters, was used in this study. The
training and validation images were randomly selected in each dataset. The images were
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split into three sets: 3690 images for training, 211 images for validation, and 115 images for
final testing.

The model was trained on Google Colab Pro (Google LLC, Mountain View, CA, USA),
which offers a T4 GPU, the Python programming language, and ample RAM resources.
Hyperparameters, such as the learning rate, batch size, and epochs, were fine-tuned based
on the model’s performance during training and validation. For the YOLOv8 model and an
image size of 640 × 640 pixels, the optimal learning rate, batch size, and number of epochs
were 0.01, 16, and 100, respectively. These values were determined through trial and error
for an optimal balance between accuracy and training efficiency.

Upon completion of training, the custom-trained weights were saved in the training
path. These weights were adjusted during optimization to minimize the disparity between
predicted outputs and actual outputs in the training data. The final weight values were
used for predictions on the selected set of test images. The prediction involved classifying
and rating the apartment complex components in the given images using the trained model.

The general trend of the loss plot was a consistent decrease, suggesting that the training
model learned and improved its performance over time. Figure 7 shows the validation
loss values plotted against the number of epochs. Validation loss, which measures the
model performance on a validation dataset, is an indicator of generalization to unseen data.
The validation loss plays a crucial role in tuning hyperparameters such as the learning
rate, epochs, and batch size, and helps to prevent overfitting (training loss decreases, but
validation loss increases) and underfitting (both training loss and validation loss are high).
During validation, the segmentation loss and DFL loss first decreased and then increased
after a certain number of epochs. In general, a trend wherein the loss first decreases and
then increases after a certain interval indicates overfitting. However, the mAP50 and
mAP50-95 values also increased after a certain number of epochs. Hence, this was not
considered typical overfitting [40]. The factors influencing these results were then analyzed
based on the evaluation metrics of the model.
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4.2. Evaluation
4.2.1. Evaluation Matrix

Several common metrics for object detection and image segmentation, including preci-
sion (P), recall (R), and mAP, were used to evaluate the trained models on test data [24,41].
The mAP—map50 in particular—was used as the main evaluation metric. The mAP was
derived from the intersection over union (IoU), or Jackard index, which represents the
average of the precision values at various recall levels for a specific IoU threshold. The IoU
measures the similarity between two regions and is defined as the ratio of intersection to
union of the two regions. It is a dimensionless value, representing a proportion. Precision
and recall values are pivotal metrics for evaluating classification model performance, as
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they are both dimensionless values that indicate the proportion of correct identifications.
Precision indicates the fraction of correctly identified objects within the apartment complex
and thus quantifies the accuracy of the apartment complex component detection algorithm.
Recall represents the fraction of objects within the apartment complex that the algorithm
has successfully detected. The IoU, precision, and recall are calculated as follows:

IoU(A, B) =
|A ∩ B|
|A ∪ B| (1)

Precision(P) =
TP

TP + FP
(2)

Recall(R) =
TP

TP + FN
(3)

In these equations, TP stands for true positive and refers to the number of positive
cases correctly detected as positive. FP stands for false positive and is the number of
negative cases incorrectly identified as positive. FN stands for false negative and refers to
the number of positive cases incorrectly classified as negative. TN stands for true negative
and is the number of negative instances accurately predicted as negative.

In general, the average precision (AP), as shown in Equation (4), for an individual
class is ascertained by sorting the model’s predictions according to their confidence scores
and subsequently calculating the area under the precision–recall curve. This process also
yields a dimensionless value that measures the model’s accuracy at different thresholds of
detection confidence, as follows:

AP =
n−1

∑
k=0

[Recall(k)|−Recall(k + 1)]× Precisions(k) (4)

The mAP serves as a metric that measures the precision and recall of object localization
and segmentation. It assesses the accuracy across various levels of IoU thresholds and
evaluates the alignment of predicted bounding boxes or segmentation masks with the
ground-truth annotations, as follows:

mAP =
1
N

N

∑
i=1

APi (5)

Herein, N represents the number of classes or categories, and APi denotes the AP for
class i. IoU is the most widely used metric for assessing bounding box regression. The IoU
for the bounding boxes and masks is calculated as follows:

BoxIoU =

∣∣BPr ∩ BGT
∣∣

|BPr ∪ BGT |
(6)

MaskIoU =

∣∣MPr ∩ MGT
∣∣

|MPr ∪ MGT |
(7)

In Equation (7), Pr and GT denote the prediction and ground truth, respectively.
mAP50 denotes the AP when the IoU threshold is set to 0.5. At this threshold, a detection
is considered a true positive if the IoU between the predicted and ground-truth masks is
greater than or equal to 0.5.

The evaluation metrics used in this study included IoU, precision, recall, and mean
average precision (mAP). These metrics are crucial for assessing how accurately the model
identifies and classifies components of the apartment complexes. IoU measures how well
the predicted bounding boxes align with the actual boundaries, while precision and recall
indicate the model’s ability to correctly identify actual objects. These metrics ensure the
reliability of the results and objectively assess the model’s performance.
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4.2.2. Testing Results

In this study, models based on the YOLOv8s-seg model were trained to analyze
components of the apartment complex. The trained model displayed a form similar to
overfitting from a certain epoch onward. To understand this behavior, the evaluation
results for each class were compared. The model evaluation was divided into assessments
for boxes and masks. The precision, recall, mAP at a threshold of 0.5, and mAP in the
threshold range of 0.5 to 0.95 for each variable were examined, and the evaluation results
for each class were obtained.

The evaluation results, listed in Table 3, indicate that the overall performance across
all classes is high. Apart from the classes of vehicle roads and welfare facilities, the model
exhibited high performance in detecting and segmenting objects. The precision and recall
values for the classes from main buildings to above-ground parking lots were all greater
than 0.8; however, for vehicle roads, the precision values were close to 0.6 and recall values
were close to 0.5. For welfare facilities, the precision and recall values were close to 0.7
and 0.6, respectively. The mAP values for the class’s vehicle roads and welfare facilities
were lower than those of other classes. This implies that the model trained in this study
has low performance in detecting objects in two classes, which could degrade the overall
performance of the model and might have led to an increase in validation loss after a certain
number of epochs. We then analyzed the cause of the increase in validation loss by testing
the model for predictions on images that were not included in the training set.

Table 3. Object instance segmentation performance of YOLOv8s-seg model on the testing dataset
(precision, recall, mAP@0.5, and mAP@0.5:0.95).

No. Class

Box Mask

Precision Recall mAP@0.5 mAP@
0.5:0.95 Precision Recall mAP@0.5 mAP@

0.5:0.95

1 Apartment 0.947 0.950 0.964 0.930 0.952 0.955 0.970 0.886

2 Basement entry 0.844 0.917 0.879 0.722 0.840 0.914 0.876 0.637

3 Boundary 0.984 0.981 0.980 0.968 0.961 0.958 0.942 0.713

4 Outdoor space 0.914 0.867 0.895 0.836 0.917 0.870 0.904 0.780

5 Parking lot 0.833 0.867 0.846 0.667 0.834 0.868 0.849 0.589

6 Vehicle road 0.646 0.547 0.553 0.391 0.634 0.536 0.526 0.297

7 Welfare 0.751 0.660 0.744 0.601 0.757 0.666 0.750 0.530

All 0.845 0.827 0.837 0.731 0.842 0.824 0.831 0.633

Image size: 640 × 640; learning: 0.01; momentum: 0.937; decay: 0.0005; batch: 16, epoch: 100

5. Results and Discussion

In this study, a model based on YOLOv8s-seg was trained to analyze apartment
complex components, and the model’s performance was evaluated. The results indicated
that the detection performance for vehicle roads and welfare facilities was lower. The
reasons for this lower performance were analyzed using images that were not included in
the dataset.

Figure 8 shows the prediction results of the model, wherein the predicted values for
each class are marked along with the shaded images. The main buildings, underground
parking entrances, complex boundaries, outdoor spaces, and above-ground parking lots in
all three apartment complex examples were predicted with over 90% accuracy. However,
vehicle roads were predicted only partially in two complexes. The prediction of vehicle
roads in the third complex was better owing to their simplicity; nonetheless, the values
were relatively low despite accurate location predictions. Welfare facilities were predicted
with relatively high values of approximately 80%. However, the shapes of the welfare
facilities differ from those of the main buildings, and the shapes within a single complex
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are not consistent owing to the diverse nature of welfare facilities in apartment complexes.
Moreover, the welfare facilities were located at the complex boundary and were placed
adjacent to vehicle roads for user convenience, which led to lower detection rates in
this model.

Buildings 2024, 14, x FOR PEER REVIEW 14 of 17 
 

in all three apartment complex examples were predicted with over 90% accuracy. How-
ever, vehicle roads were predicted only partially in two complexes. The prediction of ve-
hicle roads in the third complex was better owing to their simplicity; nonetheless, the val-
ues were relatively low despite accurate location predictions. Welfare facilities were pre-
dicted with relatively high values of approximately 80%. However, the shapes of the wel-
fare facilities differ from those of the main buildings, and the shapes within a single com-
plex are not consistent owing to the diverse nature of welfare facilities in apartment com-
plexes. Moreover, the welfare facilities were located at the complex boundary and were 
placed adjacent to vehicle roads for user convenience, which led to lower detection rates 
in this model. 

 

 

 

 

 

 

 

 

 
(a) (b) (c) 

Figure 8. Example prediction results of the apartment complex component analysis model: (a) 
source data of apartment complexes not used in training; (b) prediction results without labeling; 
and (c) prediction results including labeling and prediction accuracy. 

To optimize the performance of this model, several strategies can be implemented, 
including hard example mining, class weight adjustment, and ensemble methods. Hard 
example mining focuses on intensive training with examples prone to frequent errors, 

Figure 8. Example prediction results of the apartment complex component analysis model: (a) source
data of apartment complexes not used in training; (b) prediction results without labeling; and
(c) prediction results including labeling and prediction accuracy.

To optimize the performance of this model, several strategies can be implemented,
including hard example mining, class weight adjustment, and ensemble methods. Hard
example mining focuses on intensive training with examples prone to frequent errors,
particularly within classes, such as vehicle roads and welfare facilities, that exhibit lower
performance. This method aims to enhance the model’s ability to accurately handle chal-
lenging instances. Class weight adjustment involves assigning higher weights to specific
classes within the loss function during model training. This approach effectively miti-
gates issues stemming from imbalanced class distributions in the dataset, ensuring more
equitable learning across all classes. Ensemble methods offer another avenue by com-
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bining predictions from multiple models to yield more robust outcomes. By integrating
the strengths of diverse models, this technique enhances overall performance and fosters
greater predictive accuracy and reliability.

6. Conclusions
6.1. Summary

In this study, we collected layout data from Korean apartment complexes using a map
API and created a model capable of analyzing apartment complex components based on
the YOLOv8s-seg model. The results of the evaluation of the model showed that the overall
segmentation performance of the model was relatively high at above 0.8 for both the box
and mask. The detection performance was generally high except for vehicle roads and
welfare facilities. This is likely because, although the information provided by the map API
can help to identify the apartment complex components, it is insufficient for the detection
of distinct boundaries and features for complex classes such as vehicle roads and welfare
facilities. An optimal algorithm that improves the detection performance for imbalanced
classes, such as vehicle roads, by increasing the weights for undetected classes, is necessary
to overcome the limitations of the model proposed in this study.

Current research that applies deep learning to architecture is limited to simple ele-
ments such as floor plans. In contrast, this study represents the first attempt to analyze
Korean apartment complexes, which contain complex elements, using deep learning. Big
data on apartment complexes can facilitate the construction of efficient circulation systems
within the complexes, enhance the utilization of outdoor spaces, and ensure the appro-
priate locations of main buildings. The model developed in this study for analyzing the
layouts of Korean apartment complexes can serve as a basis for research using big data on
apartment complexes. Through this, the analysis model presented herein will enable the
examination of spatial components in apartment complex types that reflect the demands of
residents. Furthermore, for newly constructed apartment complexes, it is envisioned that a
foundation for a program capable of automatically recommending the placement of main
buildings and outdoor spaces that align with site conditions at the architectural planning
stage can be established. Employing a method that utilizes deep learning for architectural
planning analysis is expected to secure temporal efficiency and ensure objectivity in the
analysis approach. Future research should examine the architectural planning of apart-
ment complexes. Such studies can include segmenting Korean apartment complexes to
distinguish their components, analyzing the layout of main buildings, and classifying the
complexes based on different periods, the number of households, and regional land shapes.
The results of such studies can contribute significantly to the discourse on urban planning
and socio-cultural dynamics in Korea.

6.2. Limitations

This study acquired a dataset of layout drawings through maps, a significant achieve-
ment considering the challenges in obtaining the actual completion blueprints of apartment
complexes. However, a limitation of this study lies in the discrepancies between the mapped
layouts and the actual blueprints, which can introduce errors in the analysis. Moreover, the
use of a specific map API may pose challenges in classification when different input data
sources, such as Google Maps, are considered. Nevertheless, this methodology enables
architectural planning analysis, thereby adding substantial value to the research. Further-
more, future studies could enhance classification models for various types of complexes by
comparing alternative deep learning or classification methods beyond the YOLOv8s-cls
model, utilizing the dataset utilized in this study as a foundation.
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