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Abstract

Image-based analysis offers a scalable way to examine indoor environmental design, but
semantic segmentation studies often stop at pixel-level recognition and provide limited
design-oriented quantification. This study proposes the Interior Design Element Segmenta-
tion and Spatial Quantification Framework (IDESQ Framework) to convert indoor scene
images into measurable spatial design indicators. Using ADEChallengeData2016, an indoor
subset containing eight scene categories was constructed, and the original ADE semantic
labels were re-mapped into twelve interior environmental design element categories. U-
Net, DeepLabv3+, PSPNet, and SegFormer-B0 were evaluated under the same annotation
system. DeepLabv3+ achieved the highest performance, with a mean Intersection over
Union (mloU) of 0.494, Pixel Accuracy of 0.755, and Mean Accuracy of 0.661 on the internal
test split; on the independent ADE validation subset, its mIoU was 0.495. The predicted
masks were then used to calculate area proportions, furniture density, functional facility
ratio, soft decoration ratio, decorative object ratio, greenery ratio, visual complexity, and
spatial distribution features. The quantified results showed scene-dependent patterns,
including a high spatial envelope ratio and low visual complexity in corridors, higher
functional facility ratios in kitchens and bathrooms, and richer decorative composition
in living rooms. Ground-truth—prediction (GI-Pred) consistency analysis showed that
scene-level aggregation improved agreement between prediction-derived and GT-derived
indicators, with a Pearson correlation of 0.960 for the eight main indicators. These results
indicate that IDESQ can support automated and interpretable comparison of indoor design
element composition and spatial patterns across scene types.

Keywords: interior environmental design; semantic segmentation; design element
quantification; spatial feature analysis; indoor scene understanding

1. Introduction

Indoor environmental design plays an important role in shaping spatial function,
visual experience, user behavior, and environmental quality. Traditional interior design
analysis often relies on manual observation, expert evaluation, questionnaires, or case-
based interpretation. Although these approaches can provide rich qualitative insights, they
are usually limited in scalability, objectivity, and reproducibility when applied to large
numbers of indoor scenes. With the rapid development of artificial intelligence and deep
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learning, data-driven methods have increasingly been introduced into architectural and
interior design research, including Al-assisted design workflows, residential space analysis,
generative architectural design, and visual-perception-based spatial optimization [1-4].
These studies indicate that computational methods have the potential to support more
systematic and quantitative analysis of built environments.

Image-based analysis has become an important direction in built environment re-
search because images can capture visual information from a human-scale perspective.
In particular, street view imagery has been widely used for spatial quality evaluation,
human perception analysis, historical block assessment, streetscape measurement, per-
ceived restorativeness prediction, and outdoor space quality optimization [5-12]. Many of
these studies use deep learning or semantic segmentation to extract visual elements and
then convert them into quantitative indicators, such as greenery, sky visibility, enclosure,
building interface, or other streetscape components. These works demonstrate that visual
elements extracted from images can serve as measurable evidence for environmental design
and spatial quality analysis.

In building-related computer vision research, semantic segmentation has also been
applied to indoor point clouds, Scan-to-BIM workflows, building facade parsing, and
three-dimensional scene understanding [13-17], as well as indoor segmentation and scene
understanding [18-20]. These studies show the value of semantic segmentation for ex-
tracting building-related information and supporting downstream tasks such as geometric
reconstruction, BIM generation, heritage documentation, facade parsing, and building
change detection. However, most of these studies focus on structural components, geo-
metric objects, outdoor streetscapes, facades, or point-cloud-based building modeling. In
contrast, the use of ordinary indoor scene images for pixel-level interior environmental
design element analysis remains relatively underexplored.

A key challenge is that general semantic segmentation labels are not directly orga-
nized according to interior environmental design logic. Public scene parsing datasets
such as ADE20K provide dense pixel-level annotations for a wide range of scenes and
object categories [21], and representative segmentation models such as U-Net, DeepLabv3+,
PSPNet, and SegFormer have provided strong technical foundations for pixel-level image
understanding [22-25]. However, segmentation results are often evaluated mainly by
recognition accuracy, such as mloU or pixel accuracy. For interior environmental design
research, the more important question is whether semantic masks can be further trans-
formed into interpretable design indicators, such as furniture density, functional facility
ratio, soft decoration ratio, decorative object ratio, greenery ratio, visual complexity, and
spatial distribution. Therefore, a gap remains between pixel-level semantic segmentation
and quantitative interior design interpretation.

To address this gap, this study proposes an Interior Design Element Segmentation
and Spatial Quantification Framework, namely the IDESQ Framework, for data-driven
indoor space analysis. Based on ADEChallengeData2016, eight typical indoor scene cate-
gories were selected to construct an indoor subset, and the original ADE categories were
re-mapped into twelve interior environmental design element categories. Four repre-
sentative segmentation models were compared under the same annotation system, and
DeepLabv3+ was adopted as the final segmentation model. The generated design element
masks were then transformed into quantitative indicators describing element composi-
tion, visual complexity, and spatial distribution. Finally, a GT-Pred consistency analysis
was conducted to evaluate whether prediction-mask-derived design features can approx-
imate GT-mask-derived features at both the image level and the scene level. The main
novelty of this study lies in the design-oriented label re-mapping and the subsequent
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spatial feature quantification framework, rather than in the development of a new semantic
segmentation architecture.
The main contributions of this study are summarized as follows:

* A design-oriented twelve-class interior environmental design element label system is
constructed by reorganizing the original ADE semantic categories. This re-mapping
transforms general-purpose scene parsing annotations into interpretable design ele-
ment categories and provides a semantic basis for quantitative indoor environmental
design analysis.

*  An Interior Design Element Segmentation and Spatial Quantification Framework,
namely the IDESQ Framework, is proposed to connect indoor scene images, pixel-
level semantic segmentation, and spatial design feature quantification. In this frame-
work, segmentation masks are further converted into interpretable indicators, in-
cluding element area proportions, furniture density, functional facility ratio, soft
decoration ratio, decorative object ratio, greenery ratio, visual complexity, and spatial
distribution features.

* A segmentation-based design feature evaluation procedure is introduced by compar-
ing representative segmentation models and conducting GT-Pred consistency analysis.
The results show that DeepLabv3+ provides the highest segmentation performance
among the evaluated models, and that prediction-derived indicators achieve stronger
agreement with GT-derived indicators after scene-level aggregation, supporting auto-
matic comparison of indoor design patterns across scene types.

By integrating design-oriented label re-mapping, semantic segmentation, quantitative
feature extraction, and GT-Pred consistency evaluation, this study provides an auto-
mated and interpretable framework for data-driven analysis of interior environmental
design patterns.

2. Materials and Methods
2.1. Owverall Workflow of the Proposed IDESQ Framework

This study proposes an Interior Design Element Segmentation and Spatial Quantifica-
tion Framework, namely the IDESQ Framework, to support data-driven analysis of indoor
environmental design elements from ordinary indoor scene images. As shown in Figure 1,
the framework integrates dataset construction, design-oriented label re-mapping, semantic
segmentation model validation, design feature quantification, and spatial design pattern
interpretation into a unified workflow.

The first stage focuses on the construction of an indoor scene dataset and the develop-
ment of a design-oriented semantic label system. Based on ADEChallengeData2016, eight
representative indoor scene categories, including bedroom, living room, kitchen, bathroom,
dining room, office, conference room, and corridor, were selected to construct the ADEIndo-
orDesignSubset. The original ADE semantic categories were then reorganized into twelve
interior environmental design element categories, enabling the original general-purpose
semantic annotations to be transformed into design-oriented pixel-level labels.

The second stage validates the feasibility of automatic interior design element segmen-
tation. Four representative semantic segmentation models, including U-Net, DeepLabv3+,
PSPNet, and SegFormer-B0, were trained and evaluated under the same twelve-class de-
sign element annotation system. Based on the comparative segmentation performance,
DeepLabv3+ was adopted as the final segmentation model for generating prediction masks
used in the subsequent design feature quantification stage.
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Overall Workflow of the Proposed IDESQ Framework
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providing an automated analytical framework for environmental design research.

Figure 1. Overall workflow of the proposed Interior Design Element Segmentation and Spatial
Quantification Framework (IDESQ Framework). The framework consists of four main stages: dataset
construction and label system development, semantic segmentation model validation, automatic
quantification of design features, and interpretation of spatial design patterns. The ADEChallenge-
Data2016 dataset was used to construct the ADEIndoorDesignSubset with eight typical indoor scene
categories. Original ADE categories were remapped into twelve interior environmental design ele-
ment categories. DeepLabv3+ was selected as the final segmentation model after comparison with
U-Net, PSPNet, and SegFormer-B0. The predicted masks were further used for design feature quan-
tification and GT-Pred consistency analysis, enabling automated spatial design pattern interpretation
across indoor scene categories.

The third stage converts pixel-level segmentation results into quantitative interior
design features. Both ground-truth masks and predicted masks were used to calculate
interpretable design indicators, including the area proportions of the twelve design element
categories, furniture density, functional facility ratio, soft decoration ratio, decorative object
ratio, greenery ratio, visual complexity, and spatial distribution features. In this way,
semantic segmentation results can be further transformed into measurable descriptors of
indoor spatial composition.

The fourth stage evaluates whether prediction-derived design features can reliably
support indoor design analysis. A GT-Pred consistency analysis was conducted by com-
paring design features extracted from ground-truth masks and predicted masks at both the
image level and the scene level. This step provides evidence for the practical applicability of
the proposed framework in automatic spatial design pattern interpretation across different
indoor scene categories.
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2.2. Dataset Construction and Twelve-Class Design Element Annotation

ADEChallengeData2016 was used as the original data source in this study. To focus on
indoor environmental design analysis, an indoor subset named ADEIndoorDesignSubset
was constructed by retaining eight representative indoor scene categories, namely bedroom,
living room, bathroom, kitchen, dining room, conference room, office, and corridor. As
summarized in Table 1, the original ADE training split was further divided into model
training, validation, and test sets using a stratified 70%/15%/15% division according to
scene categories. The original ADE validation split was kept separate and used only as an
independent generalization set.

Table 1. Composition of the ADEIndoorDesignSubset and experimental data split.

Original ADE Training Split Original ADE Validation Split
Scene Category Total
Source Images Model Train Model Val Model Test Independent Generalization Set
bedroom 1389 972 208 209 139 1528
living room 697 488 105 104 70 767
bathroom 671 470 101 100 67 738
kitchen 661 463 99 99 67 728
dining room 412 288 62 62 42 454
conference room 168 118 25 25 16 184
office 132 92 20 20 13 145
corridor 123 86 18 19 14 137
Total 4253 2977 638 638 428 4681

Note: The model training, validation, and test sets were derived from the original ADE training split using a
stratified 70%/15%/15% division according to indoor scene categories. The Independent Generalization Set was
derived from the original ADE validation split and was used only for independent generalization evaluation,
without being involved in model training, validation, or hyperparameter selection.

The purpose of constructing this subset was to provide a consistent experimental
basis for evaluating whether indoor environmental design elements can be automatically
segmented and further quantified from common indoor scene images. The internal model
test set was used to compare different segmentation models under the same data setting,
whereas the independent generalization set was used to evaluate the stability of the selected
model on unseen ADE validation images.

Although ADEChallengeData2016 provides pixel-level semantic annotations, its origi-
nal 150 categories are designed for general scene parsing rather than interior environmental
design analysis. Therefore, the original ADE categories were reorganized into twelve
interior environmental design element categories, as listed in Table 2. This design-oriented
re-mapping converts general semantic objects into interpretable design element groups,
such as spatial envelope, openings and circulation, furniture, facilities, soft decoration,
decorative objects, greenery, and lighting or functional equipment.

In the generated twelve-class annotations, the design element categories were encoded
using continuous training labels from 0 to 11. Pixels corresponding to unmapped cate-
gories, background regions, or ignored labels were assigned to 255 and excluded from loss
computation and evaluation. This annotation strategy ensures compatibility with semantic
segmentation training while preserving the interpretability required for subsequent design
feature quantification.

It should be noted that Table 2 defines the semantic correspondence used for annotation
generation, while the quantitative justification of this re-mapping strategy is presented
in the Results section. Specifically, the pixel-level coverage of the twelve design element
categories and their distribution across different indoor scene types are evaluated later
to demonstrate the adequacy of the proposed label system for indoor environmental
design analysis.
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Table 2. Mapping from original ADE categories to the proposed twelve interior environmental design
element categories.

Design Element Category

Mapped ADE Categories

Spatial Envelope
Openings & Circulation
Seating Furniture
Tables & Work Surfaces
Storage Furniture
Sleeping Furniture
Kitchen Facilities
Sanitary Facilities

Soft Decoration
Decorative Objects
Greenery Elements

Lighting & Functional Equipment

wall, floor, ceiling, column/pillar

window /windowpane, door, screen door/screen, stairs/steps, stairway/staircase, bannister, step/stair
chair, sofa, armchair, seat, bench, swivel chair, ottoman, stool

table, desk, counter, coffee table, countertop, kitchen island

cabinet, shelf, wardrobe, chest of drawers, display case, bookcase, buffet/sideboard

bed, cradle

refrigerator, stove, washer, oven, microwave, dishwasher, hood

bathtub, sink, toilet, towel, shower

curtain, rug/carpet, cushion, pillow, blind, blanket

painting/picture, mirror, fireplace, poster, sculpture, vase, clock

plant, flower, palm tree, pot/flowerpot

lamp, book, computer, light source, chandelier, television, projection screen, sconce, fan, CRT screen,
monitor, bulletin board

Note: The table lists the complete mapping used in this study from the selected original ADE semantic categories
to the twelve interior environmental design element categories. Unmapped categories, background regions, and
ignored pixels were assigned to 255 and excluded from model training and evaluation.

2.3. Semantic Segmentation Models and Training Settings

To evaluate the feasibility of automatically segmenting interior environmental design
elements, four representative semantic segmentation models were compared under the
same twelve-class annotation system: U-Net, DeepLabv3+, PSPNet, and SegFormer-B0.
These models represent different segmentation paradigms, including encoder—decoder
segmentation, atrous-convolution-based multi-scale contextual modeling, pyramid pooling-
based scene parsing, and lightweight transformer-based segmentation. U-Net used a
standard convolutional encoder—decoder with a base channel width of 32; DeepLabv3+ and
PSPNet used lightweight ResNet-style backbones; and SegFormer-B0 used a MiT-B0-style
encoder with a lightweight MLP decoder. All models were randomly initialized and trained
from scratch without pretrained weights.

All models were trained using the same ADEIndoorDesignSubset and the same pixel-
level twelve-class design element masks. The original ADE training split was divided into
training, validation, and test sets using a stratified 70%/15%/15% division according to
indoor scene categories. This setting ensured that the segmentation models were compared
under consistent data conditions and that the internal test set could be used for fair model
performance evaluation.

For semantic segmentation training, the twelve interior environmental design element
categories were encoded as continuous labels from 0 to 11, while unmapped, background,
and ignored pixels were assigned to 255 and excluded from loss computation and metric
calculation. Input images and corresponding masks were resized to 256 x 256 pixels.
During training, paired images and masks were randomly flipped horizontally with a
probability of 0.5, and the images were normalized using mean values of (0.485, 0.456, 0.406)
and standard deviations of (0.229,0.224,0.225). The batch size was set to 8, and each model
was trained for 80 epochs. AdamW was used with an initial learning rate of 1 x 1074, a
weight decay of 1 x 107#, and a cosine annealing learning-rate schedule. A random seed of
42 was used for the data split and for the Python, NumPy, PyTorch, and CUDA random
number generators.

To alleviate category imbalance, weighted cross-entropy loss was used. For each
category c, its pixel frequency f. was calculated from the training masks, and the initial
class weight was defined as w. = 1/1og(1.02 + f;). The resulting weights were normalized
to have a mean value of one. Pixels labeled as 255 were ignored during loss computation.
Mixed precision training was enabled to improve computational efficiency. During valida-
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tion, the model with the best mean Intersection over Union (mlIoU) on the validation set
was saved and subsequently evaluated on the internal test set.

The segmentation performance was evaluated using mloU, Pixel Accuracy, Mean
Accuracy, and per-class IoU. These metrics were used to compare the ability of different
models to identify the twelve design element categories. Based on the comparative re-
sults, DeepLabv3+ achieved the best overall segmentation performance and was therefore
adopted as the final segmentation model for generating predicted masks in the subsequent
design feature quantification stage.

In this study, DeepLabv3+ was selected as the segmentation component of the IDESQ
Framework because it achieved the best overall performance among the evaluated models.
The term IDESeg-Net is used only as a functional name for this segmentation compo-
nent within the overall workflow and does not denote a newly proposed network archi-
tecture. The methodological contribution of the IDESQ Framework lies in integrating
design-oriented label re-mapping, semantic segmentation, and quantitative spatial feature
extraction into a unified analytical workflow.

2.4. Interior Design Feature Quantification

After obtaining twelve-class design element masks, the next step of the IDESQ Frame-
work was to transform pixel-level semantic information into quantitative interior design
features. This step was designed to bridge semantic segmentation and indoor environ-
mental design analysis. Instead of using segmentation masks only as visual outputs, the
proposed framework further converts them into interpretable indicators that describe the
composition, complexity, and spatial distribution of interior design elements.

Let M denote a twelve-class design element mask, where each valid pixel belongs
to one of the twelve design element categories C = {0,1,...,11}, and pixels labeled as
255 are excluded from feature calculation. For each image, the valid pixel set is defined
as QO = {p | M(p) # 255}, and the number of valid pixels is denoted as |Q}|. The area
proportion of each design element category was calculated as:

_ HpeQ|Mp) =i
R. = al , cecC. (1)

Based on the twelve category-level proportions, several higher-level design indicators
were further defined to describe the functional and perceptual characteristics of indoor
spaces. Furniture density was calculated by summing the proportions of seating furniture,
tables and work surfaces, storage furniture, and sleeping furniture. The functional facility
ratio was calculated from kitchen facilities, sanitary facilities, and lighting and functional
equipment. In addition, soft decoration ratio, decorative object ratio, and greenery ratio
were calculated from their corresponding design element categories.

The main design indicators were defined as follows:

Dturniture = R2 + R3 + R4 + Rs, )
Dtacitity = Re + Ry + R11, 3)
Dsott = Rs,  Dgecorative = Ro, Dgreenery = Ryp. 4)

To characterize the visual complexity of indoor spaces, Shannon entropy was calcu-
lated based on the distribution of the twelve design element categories [26-28]. The entropy
value was normalized by the maximum possible entropy under twelve categories, making
the complexity indicator comparable across different images and scene categories:

H=—) Rclog(R;+e), (5)
ceC
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H

log(12)’

Hnorm =

(6)

where H denotes the Shannon entropy, Hnorm denotes the normalized visual complexity
entropy;, € is a small positive constant used to avoid numerical instability when R, = 0, and
log denotes the natural logarithm. In the subsequent analysis, eight main design indicators
were reported, including spatial envelope ratio, opening ratio, furniture density, functional
facility ratio, soft decoration ratio, decorative object ratio, greenery ratio, and normalized
visual complexity entropy. These indicators correspond to Ro, R1, Dfyrnitures Dracility Dsofts
Dgecoratives Dgreenery, and Hnorm, respectively.

In addition to area-based composition features, spatial distribution features were
extracted to describe the location patterns of design elements within each image. For each
design element category, the normalized centroid coordinates were calculated when the
corresponding pixels were present. Let (xp,y,) denote the pixel coordinate of p, and let
Q. = {p € Q| M(p) = c} denote the pixel set of category c. The normalized centroid was
calculated as:

1 1
e = Wioy] pgc O ToN pe%c Yp, ?)
where W and H denote the image width and height, respectively.

To further describe vertical and horizontal layout tendencies, each image was divided
into three vertical regions, namely upper, middle, and lower regions, and three horizontal
regions, namely left, center, and right regions. For each design element category or element
group, the pixel proportions located in these regions were calculated. This allowed the
proposed framework to quantify not only how much of each design element existed in a
scene, but also where these elements were spatially distributed.

For scene-level analysis, image-level design features were aggregated according to
indoor scene categories. The mean and standard deviation of each feature were calculated
for each scene category, enabling quantitative comparison of interior design characteristics
across bedrooms, living rooms, bathrooms, kitchens, dining rooms, conference rooms,
offices, and corridors. These scene-level descriptors provide the basis for interpreting
spatial design patterns in Section 3.

The same feature extraction procedure was applied to both ground-truth masks and
predicted masks. Ground-truth-mask-derived features were used to characterize the design
composition of different indoor scenes, whereas predicted-mask-derived features were
used to evaluate whether the trained segmentation model could support automatic design
feature extraction in practical image-based analysis.

2.5. Evaluation Metrics and GT-Pred Consistency Analysis

The evaluation of the proposed IDESQ Framework consisted of two parts. First,
the pixel-level semantic segmentation performance was evaluated to determine whether
interior environmental design elements could be accurately identified from indoor scene
images. Second, the consistency between design features extracted from ground-truth
masks and predicted masks was analyzed to determine whether segmentation outputs
could reliably support subsequent spatial design feature quantification.

For semantic segmentation evaluation, pixels labeled as 255 were treated as ignored
pixels and were excluded from all metric calculations. The segmentation performance was
evaluated using Intersection over Union (IoU), mean Intersection over Union (mloU), Pixel
Accuracy (PA), Mean Accuracy (MeanAcc), and per-class IoU. For each design element
category c, IoU was calculated as:
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TP,
TP, + FP. + FN;’

where TP, FP;, and FN, denote the true-positive, false-positive, and false-negative pixels

IOUC =

(®)

of category c, respectively.
The mloU was calculated as the average IoU across the twelve interior environmental
design element categories:

1
mloU = —- } ToU,, ©)
|C‘ ceC
where |C| = 12 denotes the number of design element categories.

Pixel Accuracy was used to measure the proportion of correctly classified valid pixels
among all valid pixels:

C
TP,

PA = — LeaTPe (10)

Yoot (TP + FP)
Mean Accuracy was calculated by averaging the class-wise pixel accuracy:
1& TR
MeanAcc = = ) ————. 11
C C; TP+ FN, (1)

In addition to segmentation metrics, a GT-Pred consistency analysis was conducted to
evaluate whether predicted masks could support reliable design feature quantification. For
each image, the same feature extraction procedure was applied to the ground-truth mask
and the predicted mask. Let y; denote a design feature extracted from the ground-truth
mask of the i-th image, and let §j; denote the corresponding feature extracted from the
predicted mask. The discrepancy between y; and §j; was evaluated using mean absolute
error (MAE), root mean square error (RMSE), Pearson correlation coefficient, Spearman
correlation coefficient, and coefficient of determination (R?).

The MAE and RMSE were calculated as:

1 N A
MAE = — Y " |yi — 7il, (12)
Ni:l

(13)

where N denotes the number of evaluated images.
Pearson correlation was used to measure the linear consistency between ground-truth-
derived and prediction-derived features:

L LLi-DE-d)
VEN, (i - 92/ (0 - 9)?

where 7 and 7 denote the mean values of y; and #);, respectively.

(14)

Spearman correlation was used to evaluate the rank-order consistency between the
two sets of features:

o = r(rank(y,), rank(,)). (15)

The coefficient of determination was calculated as:
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i (v — 9:)
S (i —9)?
The GT-Pred consistency analysis was performed at two levels. At the image level,
design features extracted from each predicted mask were directly compared with those
extracted from the corresponding ground-truth mask. This evaluation reflects the feature

RZ=1- (16)

estimation error for individual images. At the scene level, image-level features were first
averaged within each indoor scene category, and the resulting scene-level mean features
were then compared between ground-truth masks and predicted masks. This evaluation
was used to assess whether prediction-derived features could preserve the overall design
patterns of different indoor scene categories.

This two-level consistency evaluation is important because the objective of the pro-
posed framework is not limited to pixel-level segmentation accuracy. More importantly, the
framework aims to determine whether automatically predicted masks can be used to extract
meaningful and stable design indicators for indoor spatial analysis. Therefore, the GT-Pred
consistency analysis provides methodological support for using segmentation-derived
features in subsequent interpretation of interior environmental design patterns.

3. Results
3.1. Design Element Re-Mapping Results and Scene-Wise Composition

Based on the twelve-class design element system defined in Table 2, the original ADE
semantic annotations were re-mapped into design-oriented pixel-level masks. Figure 2
presents four representative examples from bedroom, living room, kitchen, and bathroom
scenes. For each case, the original indoor image, the generated twelve-class design mask,
and the overlay visualization are shown together. The results indicate that the proposed re-
mapping strategy can transform general-purpose semantic labels into visually interpretable
interior environmental design element masks, while preserving the spatial correspondence
between design elements and their positions in the original scenes.

(b) Living room

12-Class Design Mask.

(c) Kitchen (d) Bathroom

Figure 2. Examples of annotation re-mapping from original indoor images to twelve-class interior
environmental design element masks. Each case includes the original image, the re-mapped twelve-
class design mask, and the overlay visualization. Four representative indoor scene categories are
shown: (a) bedroom, (b) living room, (c) kitchen, and (d) bathroom.

The pixel-level coverage of the proposed twelve design element categories is sum-
marized in Table 3. Among all valid semantic pixels in the ADEIndoorDesignSubset, the
twelve proposed interior environmental design element categories cover approximately
99.02%, while only 0.98% of pixels are assigned to Other/Non-Design. This result pro-
vides quantitative evidence that the proposed category system captures the majority of
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semantically meaningful indoor visual elements and is therefore suitable for subsequent
segmentation and design feature quantification.

Spatial Envelope accounts for the largest proportion of pixels, reaching 48.27%, which
is consistent with the fact that walls, floors, ceilings, and columns form the dominant visual
structure of indoor environments. Furniture-related categories, including Seating Furniture,
Tables & Work Surfaces, Storage Furniture, and Sleeping Furniture, also occupy substantial
proportions, reflecting the important role of furniture in defining indoor functional layouts.
In contrast, Greenery Elements and Lighting & Functional Equipment show relatively
smaller pixel proportions, which is reasonable because these elements usually appear as
smaller or more localized objects in indoor scenes.

Table 3. Pixel distribution of the proposed interior environmental design element categories in the
ADEIndoorDesignSubset.

Design Element Category Pixel Count Pixel Ratio (%)
Spatial Envelope 601,451,998 48.27
Openings & Circulation 98,879,236 7.94
Seating Furniture 77,416,625 6.21
Tables & Work Surfaces 57,578,572 4.62
Storage Furniture 98,174,464 7.88
Sleeping Furniture 92,050,134 7.39
Kitchen Facilities 20,992,718 1.68
Sanitary Facilities 30,623,800 2.46
Soft Decoration 75,466,422 6.06
Decorative Objects 49,303,684 3.96
Greenery Elements 8,233,442 0.66
Lighting & Functional Equipment 23,598,514 1.89
Subtotal of twelve design element categories 1,234,769,609 99.02
Other/Non-design 12,259,963 0.98
Total valid semantic pixels 1,247,029,572 100.00

Note: Pixel ratios were calculated based on valid semantic pixels in the selected indoor subset. The twelve proposed
design element categories cover approximately 99.02% of valid indoor semantic pixels, while Other/Non-Design
accounts for approximately 0.98%. During mask generation for segmentation training, background, invalid, and
ignored pixels were assigned to 255 and excluded from model optimization and evaluation. Bold values indicate
the subtotal and total summary rows.

To further examine whether the re-mapped design element categories can reflect
scene-specific interior design characteristics, the composition of the twelve design ele-
ment categories was analyzed across the eight selected indoor scene categories. As shown
in Figure 3, different indoor scenes exhibit distinct design element distributions. Cor-
ridor scenes are dominated by Spatial Envelope, indicating their strong enclosure and
circulation-oriented spatial characteristics. Kitchen scenes show higher proportions of Stor-
age Furniture and Kitchen Facilities, while bathroom scenes have a higher Sanitary Facilities
ratio. Living room and dining room scenes contain more Seating Furniture, Soft Decoration,
and Decorative Objects, reflecting their stronger furnishing and decorative characteristics.

These results indicate that the proposed twelve-class re-mapping strategy is not only
able to achieve high pixel-level coverage, but also capable of preserving meaningful differ-
ences among indoor scene categories. Therefore, the re-mapped annotations provide an
appropriate semantic basis for the following segmentation experiments and for quantitative
analysis of interior environmental design patterns.
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Figure 3. Heatmap of interior environmental design element composition across the eight selected
indoor scene categories. Each cell represents the normalized pixel ratio of a design element category
within a specific indoor scene. The heatmap shows that different indoor spaces exhibit distinct design
element compositions, such as the high Spatial Envelope ratio in corridor scenes, higher Storage
Furniture and Kitchen Facilities ratios in kitchen scenes, higher Sanitary Facilities ratio in bathroom
scenes, and richer Seating Furniture, Soft Decoration, and Decorative Objects in living room scenes.

3.2. Semantic Segmentation Performance

Table 4 compares the performance of four semantic segmentation models on the twelve-
class interior environmental design element segmentation task. Among the evaluated
models, DeepLabv3+ achieved the best overall performance, with an mloU of 0.494, a
Pixel Accuracy of 0.755, and a Mean Accuracy of 0.661. PSPNet obtained the second-best
performance, while U-Net showed slightly lower segmentation accuracy. SegFormer-B0
performed noticeably worse under the current experimental setting.

Table 4. Comparison of semantic segmentation models on the 12-class interior environmental design
element segmentation task.

Model mloU Pixel Accuracy Mean Accuracy
U-Net 0.433 0.713 0.602
DeepLabv3+ 0.494 0.755 0.661
PSPNet 0.471 0.734 0.649
SegFormer-B0 0.223 0.497 0.397

Note: Bold values indicate the best performance for each evaluation metric among the compared models.

These results indicate that DeepLabv3+ is more suitable for the proposed interior
design element segmentation task. The advantage of DeepLabv3+ may be attributed to its
ability to capture multi-scale contextual information, which is important for indoor scenes
containing both large structural regions and smaller object-level design elements. Therefore,
DeepLabv3+ was selected as the final segmentation model in the IDESQ Framework and
was used to generate predicted masks for subsequent design feature quantification.

The per-class segmentation performance of DeepLabv3+ is shown in Table 5. Spatial
Envelope achieved the highest IoU of 0.742, followed by Sleeping Furniture with an IoU
of 0.714. These categories usually occupy relatively large and visually coherent regions,
making them easier to identify. Several furniture- and facility-related categories, such
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as Seating Furniture, Storage Furniture, Sanitary Facilities, and Openings & Circulation,
achieved moderate IoU values, indicating that the model was able to capture their main
spatial extents but still faced challenges in boundary precision and object-level variation.

Table 5. Per-class segmentation performance of DeepLabv3+ for the 12 interior environmental design
element categories.

Class ID Design Element Category IoU Accuracy
0 Spatial Envelope 0.742 0.846
1 Openings & Circulation 0.497 0.697
2 Seating Furniture 0.501 0.696
3 Tables & Work Surfaces 0.406 0.579
4 Storage Furniture 0.478 0.650
5 Sleeping Furniture 0.714 0.836
6 Kitchen Facilities 0.438 0.585
7 Sanitary Facilities 0.479 0.684
8 Soft Decoration 0.378 0.504
9 Decorative Objects 0.494 0.646
10 Greenery Elements 0.449 0.686
11 Lighting & Functional Equipment 0.352 0.527

In contrast, Lighting & Functional Equipment, Soft Decoration, and Tables & Work
Surfaces obtained relatively lower IoU values. These categories often contain small objects,
thin structures, diverse appearances, or partial occlusions, which increases the difficulty
of pixel-level segmentation. This result suggests that although DeepLabv3+ provides the
best overall performance, fine-grained segmentation of small and visually diverse design
elements remains challenging.

Figure 4 presents representative segmentation visualization results of DeepLabv3+
across six indoor scene categories. The prediction overlays are generally consistent with
the ground-truth overlays for major design elements, including spatial envelopes, furniture
regions, kitchen facilities, sanitary facilities, and decorative elements. The visual results
further support the quantitative findings, showing that the selected model can produce
interpretable design element masks for different indoor scenes.

Overall, the semantic segmentation results demonstrate the feasibility of automati-
cally extracting interior environmental design elements from indoor scene images. More
importantly, the predicted masks generated by DeepLabv3+ provide the necessary pixel-
level basis for subsequent spatial feature quantification and scene-level interior design
pattern analysis.

3.3. Generalization Evaluation of DeepLabu3+

To further evaluate the robustness of the selected segmentation model, DeepLabv3+
was tested on the original ADE validation subset, which was not involved in model training,
validation, testing, or hyperparameter selection. As shown in Table 6, the internal test split
contained 638 images, while the independent ADE validation subset contained 428 images.

Table 6. Comparison between the internal test split and the original ADE validation subset
for DeepLabv3+.

Evaluation Setting Images mlIoU  Pixel Accuracy = Mean Accuracy
Internal test split 638 0.494 0.755 0.661
Original ADE validation subset 428 0.495 0.756 0.659
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Figure 4. Representative semantic segmentation visualization results of DeepLabv3+ on the twelve-class
interior environmental design element segmentation task. Each case includes the original image, the
ground-truth overlay, and the prediction overlay. Six representative indoor scene categories are shown:
(a) bedroom, (b) living room, (c) kitchen, (d) bathroom, (e) dining room, and (f) conference room.

The segmentation performance on the original ADE validation subset was highly
consistent with that on the internal test split. Specifically, DeepLabv3+ achieved an mloU
of 0.495, a Pixel Accuracy of 0.756, and a Mean Accuracy of 0.659 on the independent vali-
dation subset, compared with 0.494, 0.755, and 0.661 on the internal test split, respectively.
The small differences between the two evaluation settings indicate that the model did not
show obvious performance degradation when applied to unseen validation images from
the original ADE dataset.

This result provides additional evidence for the reliability of DeepLabv3+ as the
segmentation component of the proposed IDESQ Framework. Since the independent
validation subset was separated from the model development process, the comparable
performance indicates that the model maintained stable performance on unseen images
from the same ADE dataset. Therefore, the predicted masks generated by DeepLabv3+
can be used as a stable basis for the subsequent automatic quantification of interior
design features.

3.4. Quantitative Analysis of Interior Design Features

In this section, GT-mask-derived features are first used to describe reference scene-
level design patterns, while prediction-mask-derived spatial distribution features are then
presented to demonstrate the automatic application capability of the proposed framework.
Based on the twelve-class design element masks, the proposed IDESQ Framework further
quantified the composition and spatial characteristics of indoor environmental design
elements. Table 7 reports the major design features extracted from GT masks across the
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eight indoor scene categories, including spatial envelope ratio, opening ratio, furniture
density, functional facility ratio, soft decoration ratio, decorative object ratio, greenery
ratio, and normalized visual complexity entropy. Figure 5 further visualizes the scene-wise
differences in these design features.

Table 7. Scene-wise quantification of major interior environmental design features based on GT
masks. Values are reported as mean =+ standard deviation. Env., Open., Furn., Fac., Soft deco., Decor.,
Green., and Complexity denote spatial envelope ratio, opening ratio, furniture density, functional
facility ratio, soft decoration ratio, decorative object ratio, greenery ratio, and normalized visual
complexity entropy, respectively.

Ccol nference_roo m

corridor

Scene Env. Open. Furn. Fac. Soft Deco. Decor. Green. Complexity
Bedroom 0.483 +0.131 0.063 +0.072 0.316 £ 0.119 0.017 +0.019 0.087 4 0.084 0.029 + 0.039 0.004 +0.013 0.533 4 0.095
Living room 0.464 +0.129 0.089 £+ 0.079 0.258 4 0.096 0.030 £ 0.045 0.087 £ 0.076 0.058 + 0.056 0.01540.025 0.598 £ 0.093
Kitchen 0.413 +0.147 0.063 = 0.076 0.363 +0.147 0.137 +0.105 0.013 £ 0.032 0.005 +0.013 0.006 +0.014 0.524 +0.107
Bathroom 0.516 +0.162 0.105+0.122 0.095 4+ 0.101 0.153 £ 0.099 0.048 £ 0.089 0.081 +0.103 0.004 £ 0.012 0.481 +0.122
Dining room 0.501 +0.142 0.102 4 0.094 0.267 +0.109 0.023 £ 0.020 0.052 £+ 0.071 0.040 + 0.053 0.015 + 0.025 0.562 +0.101
Office 0.489 +0.162 0.073 +0.089 0.314 +0.134 0.091 + 0.082 0.015 + 0.047 0.012 +0.031 0.005 + 0.017 0.519 +0.119
Conference room 0.516 +0.137 0.053 4 0.070 0.344 +0.115 0.041 4 0.082 0.025 £ 0.063 0.015+0.025 0.006 +0.015 0.500 £ 0.094
Corridor 0.857 +0.134 0.082 4 0.095 0.022 +0.077 0.011 +0.016 0.007 £ 0.037 0.020 + 0.053 0.001 £ 0.004 0.167 +0.114
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Figure 5. Heatmap of major interior environmental design features across the eight indoor scene cate-
gories based on GT masks. Visual complexity is quantified using Shannon entropy and normalized
by the maximum possible entropy of the twelve design element categories, i.e., Hnorm = H/ log(12).

The results show that corridor scenes have the most distinctive feature profile. The
spatial envelope ratio of corridor scenes reaches 0.857, which is substantially higher than
that of other indoor scene categories. In contrast, their furniture density, functional facility
ratio, greenery ratio, and visual complexity are all relatively low, with the normalized
visual complexity entropy being only 0.167. This indicates that corridor spaces are mainly
composed of enclosing surfaces such as walls, floors, and ceilings, while containing fewer
movable furniture, decorative elements, and functional objects. This pattern is consis-
tent with the circulation-oriented function and relatively simple spatial organization of
corridor environments.

Kitchen and bathroom scenes present stronger functional characteristics. Kitchen
scenes show the highest furniture density, with a value of 0.363, as well as a relatively high
functional facility ratio of 0.137. This reflects the presence of cabinets, counters, kitchen
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Vertical Distribution Ratio

appliances, and other equipment related to cooking and storage activities. Bathroom
scenes show the highest functional facility ratio, reaching 0.153, which corresponds to
the dominant presence of sanitary facilities such as toilets, sinks, bathtubs, and related
bathroom elements. These results demonstrate that the proposed design feature indicators
can capture functional differences among service-oriented indoor spaces.

Living room and dining room scenes exhibit more diverse and visually rich design
compositions. Living room scenes have the highest normalized visual complexity entropy,
with a value of 0.598, and also show relatively high proportions of soft decoration, decora-
tive objects, and greenery. This suggests that living rooms usually contain richer furnishing
and decorative configurations, which are closely related to comfort, social interaction,
and visual expression. Dining room scenes also show relatively high furniture density
and opening ratio, reflecting their dependence on tables, chairs, and spatial openness for
dining activities.

Bedroom, office, and conference room scenes show intermediate feature patterns.
Bedroom scenes are characterized by a relatively high furniture density and soft decoration
ratio, which is consistent with the presence of beds, bedding, curtains, and other soft
furnishing elements. Office and conference room scenes contain relatively high furniture
densities, reflecting the presence of desks, tables, chairs, and work-related furniture. Com-
pared with living rooms, however, these spaces generally show lower levels of decorative
objects and visual complexity, indicating a stronger functional orientation.

In addition to composition-based design features, the proposed framework also quanti-
fied the spatial distribution of major design element groups from predicted masks. Figure 6
shows the predicted vertical distribution of furniture, facilities, and decoration across the
eight indoor scene categories. Furniture elements are mainly distributed in the middle and
lower regions of indoor images, which is consistent with their physical placement near
floors and human activity zones. Facilities show more scene-dependent vertical patterns,
reflecting differences between kitchen, bathroom, office, and circulation-related spatial func-
tions. Decorative elements tend to appear in both upper and middle regions, corresponding
to wall-mounted, suspended, or visually exposed decorative objects.

Predicted Vertical Distribution of Major Element Groups by Scene

Furniture Facilities Decoration

== Upper
- Middle
== Lower

Figure 6. Predicted vertical distribution of major interior design element groups across the eight
indoor scene categories. Each image is divided into three equal-height regions (upper, middle, and
lower), and the proportion in each region is normalized by the total number of pixels belonging to
the corresponding element group in the image.

Overall, the quantitative design feature results demonstrate that the IDESQ Framework
can transform pixel-level design element masks into interpretable spatial indicators. These
indicators not only quantify how much of each design-related element exists in different
indoor spaces, but also reveal how these elements are organized spatially. Therefore, the
proposed framework provides a data-driven basis for comparing and interpreting interior
environmental design characteristics across different indoor scene categories.
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3.5. GT—Pred Consistency of Design Feature Quantification

To further evaluate whether prediction-derived masks can support reliable interior
design feature quantification, the design features extracted from GT masks and predicted
masks were compared at both the image level and the scene level. As shown in Table 8, the
consistency was evaluated using MAE, RMSE, Pearson correlation, Spearman correlation,
and R? for both the main design indicators and all extracted design features.

Table 8. Overall consistency between GT-mask-derived and prediction-mask-derived design features.
The 20 features include twelve class-level design element proportions and eight higher-level design
indicators derived for design interpretation.

Evaluation Level Features MAE RMSE Pearson r Spearman r R?

Per-image main indicators 8 0.038 0.062 0.779 0.765 0.576
Scene-level main indicators 8 0.016 0.018 0.960 0.943 0.846
Per-image all features 20 0.031 0.054 0.775 0.750 0.580
Scene-level all features 20 0.011 0.013 0.965 0.849 0.860

At the per-image level, the prediction-derived design features showed moderate to
strong consistency with the GT-mask-derived features. For the eight main design indicators,
the MAE and RMSE were 0.038 and 0.062, respectively, with a Pearson correlation of
0.779 and a Spearman correlation of 0.765. For all twenty features, the MAE and RMSE were
0.031 and 0.054, respectively, and the Pearson and Spearman correlations were 0.775 and
0.750. These results indicate that although individual image-level predictions still contain
segmentation errors, the extracted design features generally follow the same variation
trends as those derived from GT masks.

A clear improvement was observed after aggregating image-level features into scene-
level descriptors. For the eight main indicators, the scene-level MAE decreased to
0.016 and the RMSE decreased to 0.018, while the Pearson and Spearman correlations
increased to 0.960 and 0.943, respectively. Similarly, for all twenty features, the scene-
level MAE and RMSE were reduced to 0.011 and 0.013, and the Pearson correlation and
R? reached 0.965 and 0.860. These results demonstrate that prediction-derived features
are more stable and reliable when used for scene-level indoor design analysis than for
individual image-level interpretation.

Figure 7 further shows the scene-level absolute error between GT-mask-derived and
prediction-mask-derived design features. Most composition-related features, such as
Envelope, Opening, Soft Decoration, Decorative, and Greenery, show relatively small errors
across scene categories. Larger errors are mainly observed for Complexity and, in some
scenes, Furniture and Facilities. This suggests that the model can more reliably recover
area-based design composition features, whereas features related to visual complexity or
object-level functional grouping are more sensitive to local segmentation errors.

Overall, the GT-Pred consistency results indicate that the proposed IDESQ Frame-
work does not rely solely on pixel-perfect segmentation accuracy. Although prediction
masks may introduce errors at the individual image level, their aggregated design fea-
tures remain highly consistent with GT-derived features at the scene level. Therefore,
the predicted masks generated by DeepLabv3+ can provide a reliable basis for automatic
quantification and interpretation of interior environmental design patterns across indoor
scene categories.
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Scene-level GT-Pred Absolute Error of Design Features
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Figure 7. Scene-level absolute error between GT-mask-derived and prediction-mask-derived
design features.

4. Discussion

This study proposed the IDESQ Framework to connect semantic segmentation with
quantitative indoor environmental design analysis. Different from conventional scene pars-
ing studies that mainly focus on pixel-level recognition accuracy, the proposed framework
further transforms segmentation masks into interpretable spatial design indicators. In this
sense, semantic segmentation is used not as the final objective, but as an intermediate tool
for extracting measurable information about interior design element composition, visual
complexity, and spatial distribution.

Recent studies have shown that image-based and segmentation-based methods can
support quantitative analysis of built environments. For example, street-view studies have
extracted visual elements such as greenery, sky, buildings, and street interfaces to evaluate
urban perception, spatial quality, and environmental exposure [5,6,8]. Building-related
semantic segmentation has also been applied to indoor point clouds, Scan-to-BIM work-
flows, and facade parsing, mainly serving geometric reconstruction, object recognition, or
building information extraction [13,14,16]. In addition, recent residential and architectural
design studies have introduced deep learning or visual perception analysis to support
design evaluation [2,4]. Compared with these studies, the present work focuses on ordinary
indoor scene images and reorganizes general semantic labels into design-oriented interior
environmental elements. The main contribution is therefore not only the segmentation
of indoor objects, but also the conversion of pixel-level masks into interpretable design
indicators, such as furniture density, functional facility ratio, decorative composition, visual
complexity, and spatial distribution. This extends the logic of segmentation-based environ-
mental measurement from outdoor or building-object analysis to indoor environmental
design pattern interpretation.

One important contribution of this study is the design-oriented re-mapping of the
original ADE categories. The original ADE labels were developed for general semantic
scene parsing and are not directly organized according to interior environmental design
logic. By reorganizing them into twelve design element categories, the proposed label
system provides a more interpretable semantic basis for indoor design analysis. The pixel
distribution results show that these twelve categories cover 99.02% of valid indoor semantic
pixels, indicating that the proposed category system captures most visually meaningful
indoor design elements while keeping the label structure compact.
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The segmentation experiments demonstrate that automatic extraction of interior de-
sign elements from ordinary indoor images is feasible. Among the compared models,
DeepLabv3+ achieved the best overall performance and showed stable results on the in-
dependent ADE validation subset. The per-class results further indicate that large and
spatially continuous elements, such as spatial envelope and sleeping furniture, are easier to
segment, whereas small, diverse, or partially occluded elements, such as lighting equip-
ment and soft decoration, remain more challenging. This suggests that the framework is
currently more reliable for scene-level spatial composition analysis than for fine-grained
object-level interpretation.

The design feature quantification results show that the extracted indicators can reflect
meaningful differences among indoor scene categories. For example, corridor scenes are
dominated by spatial envelope and have the lowest visual complexity, which corresponds
to their circulation-oriented function. Kitchen and bathroom scenes show higher functional
facility ratios, reflecting their service-oriented spatial characteristics. Living rooms present
higher visual complexity and richer decorative elements, which is consistent with their
role in social interaction and visual expression. These findings suggest that the proposed
indicators can provide a quantitative basis for comparing indoor environmental design
patterns across scene types.

The GT-Pred consistency analysis further supports the practical value of the frame-
work. Although prediction-derived features still contain errors at the individual image
level, their consistency with GT-derived features improves substantially after aggrega-
tion at the scene level. This indicates that the predicted masks generated by DeepLabv3+
can be used to support scene-level design feature quantification, especially when the re-
search objective is to compare general spatial patterns rather than to inspect every object
boundary in a single image. Therefore, the proposed framework has potential value for
large-scale indoor image analysis, design pattern mining, and data-driven environmental
design research.

Several limitations should also be acknowledged. First, the proposed dataset is
derived from ADEChallengeData2016 rather than from a dataset specifically collected for
professional interior design evaluation. Therefore, some design-related attributes, such
as material, color, lighting quality, style, and user experience, are not explicitly modeled.
Second, the twelve-category label system improves interpretability but inevitably simplifies
the richness of real interior environments. Third, the current segmentation model still has
difficulty with small objects and visually diverse categories. Future work may construct
more design-specific datasets, integrate color-histogram and texture analysis to capture
color, material, lighting, and style-related attributes, improve small-object segmentation
through object-detection priors or multi-scale feature attention, and validate the proposed
indicators with expert assessments or real design evaluation tasks.

5. Conclusions

This study proposed the Interior Design Element Segmentation and Spatial Quantifi-
cation Framework, namely the IDESQ Framework, to transform ordinary indoor scene
images into interpretable spatial design indicators. Based on ADEChallengeData2016, eight
representative indoor scene categories were selected, and the original ADE semantic labels
were reorganized into twelve interior environmental design element categories, covering
99.02% of valid indoor semantic pixels. Comparative experiments showed that DeepLabv3+
achieved the best segmentation performance among U-Net, DeepLabv3+, PSPNet, and
SegFormer-B0, with an mIoU of 0.494, a Pixel Accuracy of 0.755, and a Mean Accuracy of
0.661 on the internal test split. The predicted masks were further converted into quantita-
tive design indicators, including element area proportions, furniture density, functional
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facility ratio, soft decoration ratio, decorative object ratio, greenery ratio, visual complexity,
and spatial distribution features. The results revealed distinct spatial design patterns across
indoor scene categories, such as high spatial envelope ratio and low visual complexity in
corridors, stronger functional facility characteristics in kitchens and bathrooms, and richer
decorative and visually complex compositions in living rooms. Furthermore, the GT-Pred
consistency analysis showed that prediction-derived features became more reliable after
scene-level aggregation, with a scene-level MAE of 0.016, Pearson correlation of 0.960,
and Spearman correlation of 0.943 for the eight main design indicators. These findings
indicate that the proposed framework is more reliable for aggregated comparisons across
indoor scene categories than for detailed interpretation of individual images. Overall,
the IDESQ Framework provides an automated and reproducible approach for connecting
semantic segmentation with quantitative scene-level analysis of interior environmental
design elements.
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