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Abstract

House-level visual socioeconomic information can provide a more detailed spatial understanding of
residential areas and can support applied urban and commercial analysis. However, official
socioeconomic data are often available only at broader administrative levels and may not capture
variation among small residential clusters or individual houses. This study compares five instance
segmentation models for detecting, segmenting, and classifying individual houses into lower, middle,
and upper visual socioeconomic classes using high-resolution satellite imagery. The evaluated models
are Mask R-CNN, Cascade Mask R-CNN, YOLO11n-seg, SOLOvV2, and Mask2Former. The dataset
consists of 1,209 training images with 7,052 annotations and 213 validation images with 1,353
annotations from residential areas in Banten and DKI Jakarta. Annotation reliability was assessed
using 100 annotation pairs, producing a quadratic-weighted Cohen’s kappa of 0.8077. Model
performance was evaluated using COCO metrics for both segmentation masks and bounding boxes.
The results show that Cascade Mask R-CNN achieved the highest observed overall validation
performance among the tested configurations. Under the current experimental setting, it produced the
strongest combination of object-localization and mask-segmentation metrics. These findings show
that comparing multiple instance segmentation models can help identify a more suitable method for
house-level visual socioeconomic classification. Unlike previous studies that generally perform area-
level socioeconomic estimation or building extraction alone, this study compares multiple instance-
segmentation approaches for expert-defined socioeconomic classification at the individual-house
level. The resulting output can serve as a supplementary visual socioeconomic layer that complements
demographic, accessibility, and commercial data in applied spatial and market-development analyses.
Keywords: Instance segmentation, Socioeconomic classification, Residential area, Satellite imagery,
Model comparison.

1 Introduction

Detailed spatial information about the socioeconomic characteristics of residential areas is
important for urban analysis, commercial planning, and shopping center market development analysis.
In practice, socioeconomic conditions are often estimated using official statistical data, such as
income, expenditure, population, and demographic indicators. However, these data are commonly
available only at broader administrative levels and may not capture socioeconomic differences within
smaller residential clusters or individual houses. This limitation can reduce the spatial detail needed to
understand local residential characteristics.

High-resolution satellite imagery provides an additional source of information because it captures
visible physical characteristics of residential areas. Housing size, settlement density, road access, roof
condition, vegetation, and area regularity can reflect differences in residential conditions. Previous
studies have shown that satellite imagery and machine learning can support socioeconomic mapping,
poverty estimation, and welfare prediction, especially when detailed household survey data are
limited [1], [2], [3]. However, many of these studies estimate socioeconomic conditions at the area
level rather than identifying variation at the individual-house level.
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This creates an important research problem. Residential socioeconomic variation may occur even
within the same small area, but area-level analysis may obsecure these differences. At the same time,
detecting and classifying individual houses from satellite imagery is difficult because residential
objects can be small, dense, irregular, visually similar, and located close to one another. Therefore,
this study asks which instance segmentation model provides the most suitable validation performance
for detecting, segmenting, and classifying individual houses into visual socioeconomic classes from
high-resolution satellite imagery.

To answer this question, this study compares five instance segmentation models: Mask R-CNN,
Cascade Mask R-CNN, YOLO1ln-seg, SOLOv2, and Mask2Former. These models represent
different instance segmentation approaches, including two-stage detection-based segmentation,
cascade-based segmentation, one-stage YOLO-based segmentation, box-free segmentation, and
transformer-based segmentation. The comparison is conducted using the same residential
socioeconomic dataset so that model performance can be evaluated under a consistent experimental
setting.

While previous studies have demonstrated the usefulness of satellite imagery for socioeconomic
mapping, many of them estimate poverty, welfare, or living standards at broader spatial units rather
than at the level of individual houses. In contrast, building extraction studies generally focus on
detecting buildings, roofs, or footprints without linking each object to socioeconomic interpretation.
This study addresses that gap by treating each house as an individual object and comparing several
instance segmentation models to classify houses into lower, middle, and upper visual socioeconomic
classes. This approach connects house-level segmentation with socioeconomic interpretation, rather
than only producing area-level socioeconomic estimates or general building maps.

This study evaluates the comparative performance of Mask R-CNN, Cascade Mask R-CNN,
YOLO11n-seg, SOLOv2, and Mask2Former using high-resolution residential satellite imagery from
Banten and DKI Jakarta. The comparison is designed to identify the most suitable model for detecting,
segmenting, and classifying individual houses based on visual socioeconomic class. The resulting
house-level socioeconomic layer is expected to complement demographic, accessibility, and
commercial data, including for applied spatial analysis and market development analysis.

2 Literature Review

Satellite imagery has increasingly been used as an alternative data source for socioeconomic
analysis because it captures physical and environmental characteristics that are difficult to obtain from
conventional statistical data alone. Built-environment features such as building size, housing density,
road structure, roof condition, vegetation, and settlement regularity can provide indirect indications of
socioeconomic differences. Previous studies have shown that satellite imagery and machine learning
can support socioeconomic mapping and poverty estimation, especially when detailed household-level
survey data are limited [1], [2]. Review-based research also shows that satellite imagery has been
widely used for poverty prediction and welfare estimation in different geographic contexts [3].

Urban visual data can also strengthen the interpretation of neighborhood conditions. Street-view
imagery has been used to analyze urban environments, accessibility, environmental quality, and social
characteristics [4]. Multispectral imagery and convolutional neural networks have also been applied to
estimate neighborhood context from visual urban data [5]. In addition, satellite and street-level
imagery have been used to estimate urban inequality indicators, including income, overcrowding, and
environmental deprivation [6]. These studies show that visual data can provide useful socioeconomic
signals, but many of them still operate at neighborhood, grid, or area level rather than treating each
house as an individual object.

The use of expert visual interpretation remains important in image-based socioeconomic
mapping because socioeconomic conditions are not directly visible in satellite imagery. Human
interpretation of satellite imagery can contain bias, while convolutional neural networks may capture
visual patterns that are not always easy to explain manually [7]. This issue is relevant to residential
socioeconomic classification because house class labels are based on visible indicators, such as roof
condition, road access, housing density, building size, and surrounding environment, rather than direct
income or expenditure measurement. Therefore, visual socioeconomic labels should be treated as
interpreted indicators that require careful annotation and clear operational definitions.
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Instance segmentation is suitable for residential analysis because it can separate adjacent houses
as individual objects. This is important in dense urban imagery, where houses may be close together,
partially connected, or visually difficult to distinguish. Previous studies have shown that instance
segmentation can be applied to large remote sensing imagery and can support building or roof
segmentation tasks [8], [9]. Roof-level instance segmentation research also shows that object-level
segmentation can be useful for separating individual built structures from imagery [10]. However,
these studies mainly focus on physical object extraction, such as buildings, roofs, or footprints. They
do not directly address the classification of individual houses into socioeconomic classes.

Remote sensing object detection also faces specific challenges that can affect residential
socioeconomic classification. Object detection in remote sensing imagery is influenced by scale
variation, object orientation, complex backgrounds, and differences in spatial resolution [11]. Small-
object detection remains difficult because small objects contain fewer pixels and are more easily
affected by background noise, occlusion, and image resolution [12]. Large-scale individual building
extraction from satellite imagery is possible, but performance can still be affected by building size,
density, and environmental variation [13]. These challenges indicate that model architecture can
strongly influence the quality of house-level visual socioeconomic classification.

Mask R-CNN is widely used in instance segmentation because it produces bounding boxes, class
labels, and segmentation masks for each detected object [14]. This structure is useful for residential
analysis because the model can locate houses, classify them, and generate object-level masks.
Nevertheless, single-model performance may be limited when objects are dense, small, or difficult to
localize precisely. Therefore, relying on only one model may not be sufficient to determine the most
suitable approach for residential socioeconomic classification.

Cascade Mask R-CNN extends the Mask R-CNN-based instance segmentation approach by using
a cascade-based detection structure. The cascade framework improves detection quality through
multiple stages trained with increasing Intersection over Union thresholds, allowing object hypotheses
to be refined progressively before final prediction [15]. Cascade Mask R-CNN has also been applied
to aerial image analysis and has shown better performance than Mask R-CNN for detecting
greenhouse structures [16]. This structure is relevant for residential socioeconomic classification
because better localization can support better segmentation, especially when houses are close to one
another.

Other instance segmentation approaches provide different advantages. SOLOv2 removes
dependence on bounding box detection by directly predicting instance masks using dynamic mask
generation and Matrix NMS [17]. YOLO-based segmentation models represent one-stage approaches
that are commonly associated with faster inference and practical deployment. Recent YOLO11-seg-
based research also shows that YOLO segmentation architectures can be optimized for lightweight
and efficient instance segmentation tasks [18]. Mask2Former represents a transformer-based universal
segmentation architecture that uses masked attention and can be applied to semantic, instance, and
panoptic segmentation tasks [19]. These models reflect different segmentation strategies, making
them suitable for comparison in a residential socioeconomic classification task.

Table 1 Summary of previous studies

Author Techniques Used Advantages Disadvantages
Arshad et CNN transfer learning Shows that satellite Focuses on area-level
al.,, 2023 [1] using satellite imagery imagery can support prediction, not individual-
and night-time  light socioeconomic estimation house segmentation
proxy for socioeconomic in developing countries
mapping
Agyemang Ensemble CNN using Uses high-resolution Predicts poverty at grid or
et al., 2023 ResNet50, ResNet50V2, imagery and multiple data area level, not house-level
[2] and ResNet101 for rural sources for  poverty visual classes
poverty mapping estimation
Suel et al.,, Multimodal deep learning Combines different visual Focuses on  grid-level
2021 [6] using satellite and street- data sources for inequality, not individual

level imagery for urban

socioeconomic

residential objects
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inequality indicators interpretation

He et al, Mask R-CNN for object Provides bounding boxes, General instance

2017 [14] detection and instance class labels, and segmentation model
segmentation segmentation masks for

each object

Oh et al, Cascade Mask R-CNN Shows that cascade-based Object type is greenhouse

2022 [16] for greenhouse detection segmentation can

in aerial imagery improve aerial object

detection

Wang et al., SOLOv2 box-free Provides an alternative General model paper
2020 [17] instance  segmentation segmentation  approach

using dynamic mask without box dependence

generation
Cheng et al., Mask2Former Provides a  modern General segmentation
2022 [19] transformer-based transformer-based framework

segmentation using segmentation approach

masked attention
Qiu et al, YOLO1ll-seg-based Supports practical and Focuses on  efficient
2025 [18] lightweight instance efficient one-stage segmentation,

segmentation segmentation

Comparing several models is important because different segmentation architectures may
respond differently to object density, object size, boundary complexity, and dataset characteristics.
Previous classification research has shown that comparing multiple algorithms can help identify the
most suitable method for a specific classification problem [20]. In this study, model comparison is
necessary because the task is not only to detect houses, but also to generate segmentation masks and
classify each house into a visual socioeconomic class. Therefore, the evaluation must consider both
bounding box detection and mask segmentation performance.

Based on Table 1, previous studies show that satellite imagery, deep learning, and instance
segmentation have been widely applied in socioeconomic mapping and remote sensing object
detection. However, most socioeconomic studies estimate conditions at broader area or grid levels,
while most segmentation studies focus on physical object extraction without linking each object to
socioeconomic interpretation. In addition, few studies have compared multiple instance segmentation
models for house-level visual socioeconomic classification using the same dataset. This study
addresses these gaps by comparing Mask R-CNN, Cascade Mask R-CNN, YOLO11n-seg, SOLOV2,
and Mask2Former for detecting, segmenting, and classifying individual houses into lower, middle,
and upper visual socioeconomic classes. The study therefore positions instance segmentation as a
supporting method for producing a house-level visual socioeconomic layer from satellite imagery.

3 Research Method

3.1 Research Design

This study uses a comparative experimental design to evaluate several instance segmentation
models for house-level visual socioeconomic classification. The research focuses on detecting,
segmenting, and classifying individual houses from high-resolution satellite imagery into three visual
socioeconomic classes: lower, middle, and upper. The models compared in this study are Mask R-
CNN, Cascade Mask R-CNN, YOLO11n-seg, SOLOvV2, and Mask2Former.

The comparison was conducted using the same frozen training and validation dataset to ensure
that all models were evaluated under a consistent data condition. The general workflow consisted of
research area selection, satellite image preparation, visual socioeconomic annotation, image tiling,
annotation format conversion, model training, validation evaluation, and comparative analysis. The
workflow is shown in Figure 1.
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Figure 1 Research workflow

3.2 Data and Research Area

The data used in this study consist of high-resolution satellite images of residential areas in
Banten and DKI Jakarta. The images were obtained from Google Earth, with the satellite imagery date
recorded as 16 February 2026. The imagery has an approximate spatial resolution of 0.15 meters per
pixel. These areas were selected because they contain varied residential patterns, including dense
lower-income settlements, planned middle-class housing, and larger upper-class residential areas. This
variation is important because the model needs to learn different visual characteristics of residential
socioeconomic classes.

The dataset was divided into training and validation sets. The training data were used to train the
models, while the validation data were used to evaluate and compare model performance. The dataset
summary is shown in Table 2.

The dataset contains three visual socioeconomic classes. These classes do not represent direct
measurements of income or expenditure. Instead, they are visual socioeconomic categories interpreted
from physical characteristics visible in satellite imagery.

Table 2 Research dataset summary

Dataset Images  Annotations
Training Data 1,209 7,052
Validation Data 213 1,353
Total 1,422 8,405

3.3 Socioeconomic Class Annotation Guidelines

This study uses three socioeconomic classes: lower, middle, and upper. These classes were
determined through expert visual interpretation of house characteristics and the surrounding
environment. The use of visual housing characteristics as socioeconomic indicators is supported by
previous remote sensing studies, where physical welfare indicators such as roofing quality, building
characteristics, and infrastructure are considered more observable in high-resolution imagery than
direct income or consumption measures [3]. Expert-defined visual features such as building type, roof
material, building size, settlement structure, building density, road quality, and vehicle presence have
also been used to support wealth estimation from satellite imagery [7].

Table 3 Initial socioeconomic class guidelines
Class Meaning Initial visual guidelines

Class1 Lower Irregular environment; narrow alley access; not passable by cars; simple
SES roofs such as metal sheets or light steel; housing-unit density >100 units/ha;
distance between buildings <1.5 m.
Class2 Middle Relatively organized buildings; car access available; roofs generally made
SES of clay tiles or similar materials; density of 80-100 units/ha; distance
between buildings 1.5-3 m.
Class 3  Upper Organized buildings; good car access; better building quality; more
SES premium roof materials; density <80 units/ha; distance between buildings

>3 m; close to main roads or commercial areas.
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In this study, the three classes are treated as expert-based visual socioeconomic classes, not direct
measurements of household income or expenditure. The GIS expert team used the initial guidelines
based on area regularity, road access, house size, roof condition, building density, distance between
buildings, and proximity to main roads or commercial areas. The guidelines were used as an initial
reference, while the final class decision was based on the overall visual-context interpretation of the
experts. When visual interpretation from satellite imagery was unclear, additional checking was
conducted using Google Street View to observe road condition, building fagade, neighborhood
quality, and surrounding infrastructure.

To assess inter-rater reliability, 100 house instances from imagery outside the training and
validation datasets were assigned randomized identification numbers. Two members of the GIS expert
team classified the same house instances into lower, middle, or upper visual socioeconomic classes
using the annotation guidelines presented in Table 3. The resulting paired classifications were used to
calculate unweighted, linear-weighted, and quadratic-weighted Cohen’s kappa. Because the reliability
samples were separate from the model-development dataset, the assessment was used only to measure
consistency between annotators and did not affect the training or validation labels.[21].

3.4 Annotation and Pre-processing

House objects were manually annotated as polygons using ArcGIS Pro. Each visible house was
delineated as an individual polygon and assigned to one of three visual socioeconomic classes.
Polygon annotation was used because instance segmentation requires object-shape information, not
only bounding box information. This allows the models to learn both the location and approximate
shape of each house.

The annotated images were then prepared through image tiling and annotation adjustment. Image
tiling was necessary because the original residential imagery covered relatively large areas, while
deep learning models require smaller image inputs for training. All input tiles were prepared at 512 x
512 pixels. During tiling, house polygons were adjusted or clipped according to tile boundaries to
maintain alignment between image tiles and their corresponding annotations.

After preprocessing, the annotations were converted into the formats required by each model.
COCO format was used for Detectron2 and OpenMMLab-based models, while YOLO segmentation
format was prepared for YOLO11n-seg. The conversion process preserved the same image split and
class mapping so that the model comparison remained consistent.

3.5 Compared Instance Segmentation Models

This study compares five instance segmentation model configurations representing different
segmentation approaches, as summarized in Table 4. Mask R-CNN was included as a two-stage
instance segmentation model that produces bounding boxes, class labels, and segmentation masks for
each detected object [14]. Cascade Mask R-CNN was included as a cascade-based model that
progressively refines object proposals through multiple detection stages [15], [16]. YOLO11n-seg was
included as a one-stage instance segmentation model designed for efficient object detection and mask
prediction [18]. SOLOv2 was included as a box-free instance segmentation model that directly
predicts instance masks using dynamic mask generation [17]. Mask2Former was included as a
transformer-based segmentation model that applies masked attention to instance, semantic, and
panoptic segmentation tasks [19].

All tested models were trained using the same residential socioeconomic dataset, three-class
structure, input-tile size, training-validation split, and frozen validation set. However, their
backbones, optimization methods, batch sizes, and training schedules were adjusted according to their
respective frameworks and available computational resources. Therefore, the comparison should be
interpreted as an evaluation of the tested model configurations rather than as a fully controlled
comparison of model architectures alone. This setup allows the study to identify which tested
configuration achieved the highest observed validation performance for the house-level visual
socioeconomic classification task.

Table 4 Compared instance segmentation models

Model General Approach Main Output
Mask R-CNN Two-stage detection-based Bounding box, class label, segmentation
http.//sistemasi.ftik.unisi.ac.id
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instance segmentation mask

Cascade Mask R-CNN  Cascade-based instance Refined bounding box, class label,
segmentation segmentation mask

YOLO11n-seg One-stage  YOLO-based Bounding box, class label, segmentation
instance segmentation mask

SOLOv2 Box-free instance Class label and segmentation mask
segmentation

Mask2Former Transformer-based Class label and segmentation mask

segmentation

3.6 Experimental Environment and Training Configuration

Manual annotation and spatial data preparation were conducted using ArcGIS Pro. Model
training and validation were conducted using Google Colab with GPU acceleration. The runtime
environment used an NVIDIA Tesla T4 GPU with approximately 15 GB of GPU memory, 12.7 GB of
system RAM, around 78-100 GB of temporary storage, and 2 virtual CPU cores.

All models used the same input tile size of 512 x 512 pixels, the same three-class structure, and
the same frozen validation set. A confidence threshold of 0.5 was used only for qualitative
visualization and was not applied as a filtering threshold during COCO AP calculation, which used
the evaluator’s ranked prediction scores. The main training configuration of each model is
summarized in Table 5.

The training schedule, batch size, learning rate, and optimizer were adjusted according to the
implementation requirements and memory demands of each framework. Although the training
configurations were not identical across frameworks, all models used the same input tile size, class
structure, training-validation split, and evaluation dataset. Therefore, the comparison focuses on
validation performance under the same house-level visual socioeconomic classification task.

Table 5 Model training configuration

Model Framework Backbone [ Training Optimization
Initialization Setting
Mask R-CNN Detectron?2 ResNet-50- 8,000 SGD, LR 0.00025,
FPN, COCO- iterations, steps 6,000 and 7,400
pretrained batch 4
Cascade Mask R-CNN  Detectron?2 ResNet-50- 8,000 SGD, LR 0.00025,
FPN, COCO- iterations, steps 6,000 and 7,400
pretrained batch 4
YOLO11n-seg Ultralytics YOLO1ln-seg, 30 epochs, Auto optimizer, LR
pretrained batch 4 0.01, default scheduler
weights
SOLOV2 MMDetection  ResNet-50- 30 epochs, SGD, LR 0.001,
/ FPN, batch 2 milestones 20 and 27
OpenMMLab  pretrained
backbone
Mask2Former MMDetection  ResNet-50, 8,000 AdamW, LR
/ COCO- iterations, 0.000025, steps 6,000
OpenMMLab  pretrained batch 1 and 7,400

configuration

To make training exposure as comparable as possible, the training schedules were selected to

provide a similar number of effective passes through the 1,209-image training dataset. For iteration-
based models, the approximate number of effective epochs was calculated as the number of iterations
multiplied by the effective batch size and divided by 1,209. Where exact equivalence was not possible
because of framework-specific implementation and GPU-memory constraints, the closest feasible
configuration was used, and the remaining differences are reported in Table 5.

3.7 Evaluation Method
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Model performance was evaluated using COCO evaluation metrics for both bounding boxes and
segmentation masks [22]. Bounding box evaluation measures how well the model localizes house
objects, while segmentation evaluation measures how well the model forms object masks. The
evaluation metrics used in this study include segmentation AP, segmentation AP50, segmentation
AP75, bounding box AP, bounding box AP50, and bounding box AP75.

All models were evaluated using the same frozen validation dataset, the same COCO-format
ground-truth annotation file, the same category definitions, and the same loU-based COCO metric
definitions. The class mapping was kept consistent across all models. The original categories 1, 2, and
3 were mapped internally to zero-based model indices when required by each framework, and then
converted back to the original category IDs for COCO-format evaluation. This procedure was used to
ensure that the validation results remained comparable across models.

Bounding box metrics were included to provide a complete COCO-style comparison alongside
segmentation metrics. For Mask R-CNN, Cascade Mask R-CNN, and YOLO11n-seg, bounding boxes
were produced directly by the model outputs. Mask R-CNN and Cascade Mask R-CNN generate
bounding boxes as part of the region-based detection pipeline, while YOLO11n-seg produces both
bounding boxes and segmentation masks during inference. For SOLOv2, bounding boxes were not
produced by a native bounding-box detection head because SOLOvV2 is primarily a mask-based
instance segmentation model. Therefore, the bounding boxes for SOLOv2 were derived from the
predicted instance masks by calculating the minimum rectangular bounding box enclosing each
predicted mask. These derived boxes were then converted into COCO bounding-box format
[x,y,width,height] and evaluated as bounding-box predictions.

For Mask2Former, instance predictions were obtained through the MMDetection inference
pipeline. The predicted bounding boxes were taken directly from the MMDetection instance-
prediction output, converted into COCO bounding-box format [x,y,width,height], and evaluated using
the same frozen validation dataset, COCO ground-truth annotation file, category definitions, and loU-
based evaluation settings used for the other models. The corresponding predicted instance masks were
evaluated separately using COCO segmentation metrics. Therefore, no bounding boxes were derived
from the Mask2Former masks. Although bounding-box metrics were included to support a complete
COCO-style comparison, segmentation AP remained the primary metric for comparing instance-
segmentation performance.

Intersection over Union was used to measure the overlap between predicted objects and reference
annotations. loU compares the intersection area and union area between the predicted object and the
ground truth object. The loU formula is shown in Equation (1).

__ Area(PredictionnGround Truth) (1)
- Area(PredictionUGround Truth)

IoU

Average Precision measures model performance based on the precision-recall relationship.
Precision refers to the proportion of correct predictions among all predicted objects, while recall refers
to the proportion of detected objects among all ground truth objects. AP can be expressed as the area
under the precision-recall curve, as shown in Equation (2).

AP = f01 p (r)dr )
In Equation (2), p(r) represents precision as a function of recall. In COCO evaluation, AP is

calculated by averaging AP values across multiple loU thresholds from 0.50 to 0.95 with a step of
0.05. The COCO AP formula is shown in Equation (3).

1
APcoco = 15 Xte(0.50,0.55,.,0.953 A Pt 3)

AP50 represents average precision at an loU threshold of 0.50, while AP75 represents average
precision at an loU threshold of 0.75. AP50 indicates performance under a more moderate overlap
requirement, while AP75 indicates stricter localization or segmentation quality. These metrics are
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suitable for this study because house-level visual socioeconomic classification requires both correct
house localization and accurate house mask generation.

The final analysis compares the five models based on their validation metrics. The best-
performing model is determined by considering both segmentation and bounding box results, with
greater emphasis on segmentation performance because this study focuses on instance segmentation
of individual houses. The comparison does not use an independent geographic test area; therefore, the
results represent comparative validation performance under the same dataset configuration.
Generalization to other cities or regions is treated as a limitation and future research direction.

4 Results and Analysis

4.1 Overall Validation Performance

The validation results of the five instance segmentation models are shown in Table 6. The
comparison used the same frozen validation dataset, the same three visual socioeconomic classes, and
the same input tile size of 512 x 512 pixels. The evaluation was conducted using COCO metrics for
both segmentation masks and bounding boxes.

Table 6 Model Validation Performance

Model Segm Segm Segm BBox BBox BBox
AP AP50 AP75 AP AP50 AP75
Mask R-CNN 17.8126 43.239 10.49 21.4895 46.0369 16.3809

Cascade Mask R- 18.646  44.1331 13.2865 22.7357 46.4578 20.0264
CNN

YOLO11n-seg 16.4577 39.8523 9.3802 19.5967 41.7148 15.8649
SOLOv2 11.0655 32.9338 4.3288 9.4967 25.8839 4.9865
Mask2Former 17.4 43.6 9.8 18.9 441 12.3

Table 6 shows that Cascade Mask R-CNN achieved the highest score across all reported
validation metrics. It obtained the highest segmentation AP, segmentation AP50, segmentation AP75,
bounding box AP, bounding box AP50, and bounding box AP75. This indicates that Cascade Mask R-
CNN provided the most balanced validation performance for both house localization and mask
segmentation in this dataset.

The difference between Cascade Mask R-CNN and Mask R-CNN was not very large at the AP50
level, but the improvement became clearer at the stricter AP75 level. Cascade Mask R-CNN achieved
a segmentation AP75 of 13.2865, compared with 10.4900 for Mask R-CNN. It also achieved a
bounding box AP75 of 20.0264, compared with 16.3809 for Mask R-CNN. This suggests that the
cascade-based model was more effective when more precise overlap between prediction and reference
annotation was required. This finding is consistent with the cascade detection concept, where object
hypotheses are progressively refined through multiple stages, and with aerial-image research showing
that Cascade Mask R-CNN can improve object detection performance compared with baseline Mask
R-CNN [15], [16].

However, the performance difference between Cascade Mask R-CNN and Mask R-CNN should
be interpreted cautiously. Cascade Mask R-CNN exceeded Mask R-CNN by 0.8334 segmentation AP
and 1.2462 bounding box AP. These differences indicate the highest observed validation performance
in this experiment, but this study did not conduct repeated training with different random seeds,
bootstrap confidence intervals, or paired uncertainty analysis. Therefore, the results should not be
interpreted as statistically significant differences, but as comparative validation results under the
current experimental setting.
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Figure 2 Model comparison of segmentation AP and bounding box AP

Figure 2 shows the comparison between segmentation AP and bounding box AP for each model.
The figure highlights that bounding box AP was generally higher than segmentation AP for most
models, although SOLOv2 showed the opposite pattern because its bounding boxes were derived
from predicted masks rather than produced by a native bounding-box detection head. Overall, the
results indicate that locating the general position of houses was generally easier than producing
accurate segmentation masks that follow the shape of each house.

b. Mask R-CNN c. Cascade Mask R-CNN
u-oozuxzug:J O z:l'znuzn;s:) .

a. Ground truth

M Upper
[ middle
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Figure 3 Qualitative comparison of model prediction results

In addition to quantitative evaluation, visual comparison was conducted to observe how each
model detected, segmented, and classified house objects. Figure 3 shows an example validation image
and the prediction outputs generated by the five evaluated models. This qualitative comparison helps
illustrate differences in object detection, mask completeness, and the separation of adjacent houses.

4.2 Segmentation Performance Analysis

Segmentation performance is the main focus of this study because house-level visual
socioeconomic classification requires object masks, not only object locations. Based on segmentation
AP, the model ranking was Cascade Mask R-CNN, Mask R-CNN, Mask2Former, YOLO11n-seg, and
SOLOv2. Cascade Mask R-CNN achieved the highest segmentation AP of 18.6460, followed by
Mask R-CNN with 17.8126 and Mask2Former with 17.4000.

The segmentation AP values show that mask generation remains challenging in this dataset. One
reason is the complexity of residential satellite imagery. Houses can be small, dense, irregular,
visually similar, and located close to other houses. In dense settlements, the boundary between one
roof and another may be unclear. Shadows, vegetation, roof color variation, and image tile boundaries
can also make segmentation more difficult. As a result, the model may detect the general location of a
house but fail to produce a mask that closely matches the reference polygon. These difficulties are

http.//sistemasi.ftik.unisi.ac.id

3139



Sistemasi: Jurnal Sistem Informasi ISSN:2302-8149
Volume 15, Nomor 8, 2026: 3130-3144 e-ISSN:2540-9719

consistent with remote sensing object detection studies, which show that scale variation, complex
backgrounds, small object size, and spatial resolution can affect detection and segmentation
performance [11], [12]. Large-scale building extraction studies also show that building size, density,
and environmental variation can influence extraction quality [13].

The difference between segmentation AP50 and segmentation AP75 also supports this
interpretation. All models achieved much higher AP50 than AP75. For example, Cascade Mask R-
CNN achieved 44.1331 for segmentation AP50 but only 13.2865 for segmentation AP75. This means
that the model could often detect houses at a moderate overlap threshold, but its performance
decreased when the evaluation required more precise mask overlap. Therefore, the main difficulty was
not only finding house objects, but also accurately separating and outlining them.

Mask2Former achieved a relatively strong segmentation AP50 of 43.6000, which was slightly
higher than Mask R-CNN at 43.2390. However, Mask2Former had lower segmentation AP and AP75
than Mask R-CNN. This suggests that Mask2Former was able to identify house objects at a moderate
overlap level, but it was less consistent when stricter segmentation quality was required. This may be
related to the limited dataset size, training configuration, or the need for more extensive optimization
when using transformer-based segmentation models [19].

4.3 Bounding Box Localization Performance Analysis

Bounding box evaluation measures how well each model localizes house objects. In this
evaluation, Cascade Mask R-CNN achieved the best bounding box performance, with a bounding box
AP of 22.7357 and bounding box AP50 of 46.4578. Mask R-CNN ranked second with a bounding box
AP of 21.4895, followed by YOLO11n-seg with 19.5967, Mask2Former with 18.9000, and SOLOv2
with 9.4967.

It should be noted that bounding-box predictions were not generated in the same manner for all
architectures. Mask R-CNN, Cascade Mask R-CNN, YOLO11n-seg, and Mask2Former provided
bounding boxes directly through their respective inference outputs. In contrast, SOLOv2 does not use
a native bounding-box detection head; therefore, its bounding boxes were derived from the predicted
masks using tight axis-aligned enclosing rectangles. Consequently, the bounding-box metrics provide
a useful COCO-style comparison of object localization, but segmentation AP remains the primary
metric for evaluating and comparing instance-segmentation quality.

The bounding box AP values were generally higher than the segmentation AP values. This result
is expected because bounding box localization is less detailed than segmentation. A bounding box
only needs to cover the general object area, while a segmentation mask must follow the object shape
more closely. In residential satellite imagery, this difference is important because many houses have
irregular shapes, attached roofs, or unclear boundaries.

Cascade Mask R-CNN showed the strongest advantage in bounding box AP75. The model
achieved 20.0264, which was higher than the other models. This indicates that Cascade Mask R-CNN
was better at precise object localization. The cascade structure progressively refines object predictions,
which may help the model adjust bounding boxes more accurately before producing the final
prediction. This advantage is relevant for house-level segmentation because inaccurate localization
can affect the quality of the final mask.

4.4 Model Architecture Comparison

The tested two-stage and cascade-based configurations produced the two highest segmentation
AP values in this dataset. Cascade Mask R-CNN achieved the highest segmentation AP, followed by
Mask R-CNN. These configurations use region proposals and region-based feature extraction, which
may be beneficial for distinguishing small, dense, and visually similar house objects. Mask R-CNN
generates bounding boxes, class labels, and instance masks through region-based detection and
segmentation [14]. Cascade Mask R-CNN extends this process through multiple refinement stages,
which can improve the quality of object localization before the final mask is produced [15].

The tested YOLO11ln-seg configuration achieved moderate validation performance, with a
segmentation AP of 16.4577 and a bounding box AP of 19.5967. These results were lower than those
of Mask R-CNN and Cascade Mask R-CNN but higher than those of SOLOv2. YOLO-based
segmentation models are designed for efficient one-stage detection and segmentation and may offer
practical advantages for inference and deployment [18]. However, under the training configuration
used in this study, YOLO11n-seg did not achieve the highest validation performance. This result
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suggests that the tested configuration was less effective at separating and delineating dense residential
objects than the two-stage configurations.

The tested SOLOv2 configuration produced the lowest validation performance, with a
segmentation AP of 11.0655 and a bounding box AP of 9.4967. SOLOv2 directly predicts instance
masks without relying on a native bounding-box detection head [17]. In this study, the large number
of small and adjacent houses may have made direct instance-mask prediction more difficult.
Nevertheless, the result should not be interpreted as evidence that the SOLOv2 architecture is
generally unsuitable for residential imagery, because its performance may be improved through
additional configuration adjustment, longer training, or more extensive hyperparameter optimization.

The tested Mask2Former configuration achieved competitive segmentation performance,
particularly at the AP50 threshold. Its segmentation AP50 of 43.6000 was slightly higher than that of
Mask R-CNN, although its overall segmentation AP and AP75 were lower. Mask2Former uses
transformer-based masked attention and can support multiple segmentation tasks [19]. ts performance
in this study may have been influenced by the available dataset size, training exposure, batch size, and
computational limitations. Therefore, the results indicate that Cascade Mask R-CNN achieved the
highest observed performance among the tested configurations, but they do not establish that one
architecture is universally superior to the others.

4.5 Annotation Reliability and Object Complexity

Annotation reliability was evaluated to measure the consistency of visual socioeconomic class
interpretation between annotators. The reliability check used 100 annotation pairs from the three
socioeconomic classes. The results are shown in Table 7.

Table 7 Inter-rater reliability results

Metric Result
Number of annotation pairs 100
Exact agreement 74.00%
Unweighted Cohen’s kappa 0.6139
Linear-weighted Cohen’s kappa 0.711

Quadratic-weighted Cohen’s kappa  0.8077

Table 7 shows that the weighted coefficients were higher than the unweighted coefficient
because adjacent-class disagreements received smaller penalties than disagreements between more
distant classes. Together with the exact agreement of 74.00%, these results indicate reasonably
consistent expert labeling. However, the reliability results measure consistency between annotators
and do not establish that the visual socioeconomic classes are equivalent to measured household
income or expenditure [23].

However, visual socioeconomic class is not always clear from satellite imagery alone. Some
houses may have similar roof materials but different surrounding conditions. Other houses may be
located at the boundary between lower and middle, or middle and upper classes. Therefore, the kappa
results should be interpreted as evidence of annotation consistency, not as proof that the visual classes
directly represent actual household income or expenditure.

This issue is consistent with previous socioeconomic mapping studies, which explain that visual
indicators from imagery can support socioeconomic estimation but are not direct measurements of
income or consumption [3]. It is also related to the problem of human interpretation and model
explainability in satellite-based socioeconomic prediction, where model outputs and expert
interpretation may both be affected by visual ambiguity [7].

Annotation consistency can affect model performance because the model learns from the visual
patterns provided in the annotations. When class boundaries are visually clear, the model has a better
chance of learning consistent patterns. However, when class differences are subtle or ambiguous,
classification becomes more difficult. Therefore, moderate AP values do not only reflect model
limitations, but also the difficulty of the visual socioeconomic labeling task itself.

Object shape and density also affect segmentation quality. Houses in planned residential areas
may have more regular shapes and clearer spacing, making them easier to segment. In contrast, dense
settlements often contain small houses, narrow gaps, irregular roof shapes, and overlapping visual
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patterns. These conditions can cause under-segmentation, over-segmentation, missed detections, or
masks that merge adjacent houses. This explains why stricter metrics such as AP75 were much lower
than AP50. This interpretation is also consistent with remote sensing studies showing that small
objects, dense object distribution, and complex backgrounds can reduce detection and segmentation
accuracy [11], [12].

4.6 Implications for House-Level Visual Socioeconomic Classification

The comparison indicates that Cascade Mask R-CNN was the most suitable model among the
tested methods for this dataset. Its stronger performance in both segmentation and bounding box
metrics suggests that cascade-based refinement is useful for detecting and segmenting individual
houses from satellite imagery. This finding is important because the task requires the model to
identify each house as a separate object and assign it to a visual socioeconomic class.

The results also show that model comparison is necessary for this type of task. If the study only
used one segmentation model, it would be difficult to determine whether the result was caused by the
dataset, the annotation process, or the model architecture. By comparing five models under the same
dataset condition, this study provides a clearer basis for selecting an appropriate method for house-
level visual socioeconomic classification.

The output of the model can be used as a house-level visual socioeconomic layer. This layer does
not represent direct income, expenditure, or household survey data. Instead, it represents visual
socioeconomic interpretation based on residential physical characteristics visible from satellite
imagery. Therefore, the output is most appropriate as supporting spatial information that can
complement other datasets such as demographic data, accessibility data, road networks, administrative
boundaries, and commercial facility data.

4.7 Result Limitations

Several limitations must be considered when interpreting the results. First, the evaluation was
conducted using a frozen validation set, not an independent geographic test area. Therefore, the results
show comparative validation performance under the same dataset configuration, but they do not yet
confirm generalization to other cities or regions.

Second, the dataset was built from residential areas in Banten and DKI Jakarta. Residential
patterns in other cities may differ in roof material, building density, road structure, vegetation,
settlement arrangement, and image quality. As a result, the model may require additional training data
before being applied to other geographic contexts.

Third, the socioeconomic labels are based on visual interpretation. Although the annotation used
visible housing characteristics and additional checks when necessary, the labels are not direct
measurements of household income or expenditure. Future research should validate the predicted
classes with survey data, income data, expenditure data, or other socioeconomic indicators.

Fourth, the training configurations were adjusted according to each framework and
computational limitation. This means the comparison reflects practical implementation under the
same dataset and available resources, but not necessarily the maximum possible performance of each
architecture. Future research should test additional hyperparameter settings, larger backbones, longer
training schedules, and independent geographic validation areas.

5 Conclusion

This study compared five instance-segmentation configurations for house-level visual
socioeconomic classification using high-resolution satellite imagery. Cascade Mask R-CNN achieved
the highest observed validation performance, producing the strongest segmentation and bounding-box
metrics under the current experimental setting. The results also showed that precise mask delineation
remained more difficult than object localization, particularly for small, dense, and visually ambiguous
houses. The study contributes a comparative evaluation of multiple instance-segmentation approaches
for classifying individual houses into expert-defined lower, middle, and upper visual socioeconomic
categories. Inter-rater analysis indicated reasonable annotation consistency, although the classes
remain visual proxies rather than direct measurements of income or expenditure. The findings are
limited to the frozen validation data from Banten and DKI Jakarta and should not be interpreted as
evidence of geographic generalization or statistically significant model superiority. Future research
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should evaluate independent geographic regions, validate the visual classes against external
socioeconomic data, and conduct broader architecture-specific hyperparameter testing.
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