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Abstract

This study proposes an integrated computational framework that combines deep learning-
based visual perception analysis with multi-criteria decision making to optimize indoor
architectural layouts in terms of both visual coherence and sustainability. The framework
initially employs a deep learning method leveraging edge pixel feature recombination to
extract critical spatial layout features and determine key visual focal points. A fusion model
is then constructed to preprocess visual representations of interior layouts. Subsequently, an
evolutionary deep learning algorithm is adopted to optimize parameter convergence and
enhance feature extraction accuracy. To support comprehensive evaluation and decision
making, an improved Analytic Hierarchy Process (AHP) is integrated with the entropy
weight method, enabling the fusion of objective, data-driven weights with subjective expert
judgments. This dual-focus framework addresses two pressing challenges in architectural
optimization: sensitivity to building-specific spatial features and the traditional disconnect
between perceptual analysis and sustainability metrics. Experimental results on a dataset of
25,400 building images demonstrate that the proposed method achieves a feature detection
accuracy of 92.3%, surpassing CNN (73.6%), RNN (68.2%), and LSTM (75.1%) baselines,
while reducing the processing time to under 0.95 s and lowering the carbon footprint to
17.8% of conventional methods. These findings underscore the effectiveness and practicality
of the proposed model in facilitating intelligent, sustainable architectural design.

Keywords: architectural space; visual perception; multi-objective decision making; analytic
hierarchy process; entropy weight method

1. Introduction
The construction industry has experienced unprecedented development in recent

years, characterized by the emergence of numerous large-scale and high-rise buildings.
These include public entertainment venues, expansive warehouses, large-scale markets,
aircraft hangars, parking garages, oil depots, waiting halls, underground passages, com-
mercial streets, and extensive subterranean parking facilities [1]. While such structures
are remarkable in scale, they often possess complex internal functionalities and dense
facility layouts, making it essential to understand their spatial organization efficiently
and intuitively. Moreover, the incorporation of green building principles and sustainable
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design strategies not only alleviates environmental pressures but also enhances economic
performance and user satisfaction [2,3].

In the context of sustainable architectural space optimization, the concept of image
saliency—defined as regions that naturally attract human visual attention—plays a pivotal
role [4]. This concept has demonstrated broad utility in domains such as image retrieval
and segmentation. With the rapid advancement of visual image processing technologies,
saliency detection techniques can be broadly categorized into two approaches: methods
based on low-level visual features [5], and methods that integrate high-level data features
extracted from deeper image layers [6]. Both categories hold significant relevance for
architectural space design. Low-level feature-based saliency detection enables designers to
intuitively comprehend the spatial layout and visual characteristics of architectural interiors,
offering practical guidance during the design phase. In contrast, high-level feature fusion
methods provide more nuanced and comprehensive interpretations of spatial complexity,
thereby supporting more accurate and holistic optimization of design schemes.

In recent years, the application of visual information recognition technologies and
visual parameter feature analysis methods has facilitated the development of feature
extraction and analysis models for indoor spatial layouts in buildings. These models enable
effective detection and interpretation of indoor configurations, thereby improving the
quality and efficiency of spatial planning in architectural design [7]. As the complexity
of indoor spatial structures continues to increase, the demand for refined and intelligent
spatial layout planning has become more pronounced.

This study proposes a novel design framework that integrates visual perception
analysis with multi-objective decision making to achieve sustainable architectural space
optimization. The framework first establishes a multi-resolution visual information ac-
quisition model, followed by the application of linear filtering techniques to extract and
optimize visual features of interior spatial layouts. Subsequently, an evolutionary deep
learning algorithm is employed to perform advanced feature extraction, capturing the struc-
tural characteristics of complex building interiors. Finally, an improved entropy-weighted
Analytic Hierarchy Process (AHP) is adopted to assign comprehensive weights to visual
features. This enhanced AHP approach combines objective weights derived from entropy
measures with subjective expert assessments from traditional AHP, and aggregates them
into normalized final weights, thereby improving decision-making accuracy and consis-
tency. The AHP methodology remains indispensable in architectural decision analysis due
to its ability to systematically balance qualitative and quantitative evaluation criteria [8,9].

The main contributions of this study are as follows:

(1) An evolutionary deep learning-based approach is proposed for extracting visual
features from indoor architectural spaces. This approach integrates a multi-resolution
visual information acquisition mechanism and applies linear filtering to enhance the
quality of feature representation.

(2) An improved entropy-weighted AHP model is introduced, which fuses data-driven
objective weights with expert-informed subjective weights across hierarchical in-
dicators. The final normalized weights yield a robust foundation for sustainable
spatial evaluation.

The theoretical significance of this work lies in its contribution to the post-evaluation
of green building renovation projects. By offering a novel methodology for evaluating
the sustainability of architectural spaces, this study enriches the theoretical foundation of
green building design in China and provides innovative perspectives for future research
on sustainable assessment in architectural engineering.

The proposed method demonstrates substantial practical value in architectural design
by enabling real-time evaluation and optimization of spatial layouts during the early stages
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of the design process. This capability allows architects to assess visual coherence and
sustainability metrics prior to finalizing design plans, thereby improving decision-making
efficiency. The framework is particularly valuable for retrofit and renovation projects,
as it facilitates the analysis of existing structures to identify opportunities for enhancing
energy efficiency and user experience without compromising visual quality. Furthermore,
the proposed model can be seamlessly integrated with Building Information Modeling
(BIM) tools, providing immediate feedback on design decisions and supporting a balanced
approach between esthetic appeal and environmental performance.

For large-scale public facilities such as museums, airports, and transportation hubs,
the framework offers an effective means of optimizing complex spatial configurations.
It enhances wayfinding, improves user comfort, and concurrently reduces the carbon
footprint. Additionally, the model supports evidence-based design by quantifying the
influence of specific spatial features on human perception and sustainability outcomes.
This facilitates data-driven design decisions that align with both functional requirements
and environmental objectives across diverse architectural typologies.

Addressing the limitations of prior methods that either neglected perceptual analysis
or relied exclusively on subjective expert rankings, this study introduces a hybrid method-
ology that integrates adaptive visual feature extraction, an entropy-regularized AHP, and a
tailored optimization routine. This comprehensive framework enables dynamic, real-time
assessment of architectural layout quality and provides a robust basis for sustainable spatial
planning and informed architectural design.

2. Related Work
In recent years, the integration of visual information recognition technologies with

visual parameter feature analysis methods has led to the development of effective models
for feature extraction and analysis of indoor spatial layouts in buildings. These models facil-
itate accurate detection and evaluation of spatial configurations, thereby contributing to the
improvement in layout planning quality. As architectural indoor spatial structures become
increasingly complex, the demands for precise and optimized interior spatial organization
have intensified. Consequently, researchers have increasingly focused on the application of
three-dimensional (3D) visual information processing techniques in the design of building
interior layouts. This growing interest has resulted in extensive studies and notable findings
related to interior space design strategies and their optimization [10–12].

2.1. Visual Perception Techniques in Spatial Design

Lili [13] proposed a method for extracting features of indoor spatial layouts in build-
ings by reconstructing three-dimensional visual feature information, thereby establishing
a visual detection model tailored for indoor spatial layout analysis. This model enabled
the development of a visual feature extraction system aimed at enhancing the efficiency of
spatial feature acquisition. The method leverages 3D vision technology to extract layout-
related features, which in turn support the optimization of spatial configurations. However,
the approach offers limited consideration for specific spatial layout parameters and may
introduce certain biases during the extraction process.

Pang [14] introduced a visual analysis method for indoor spatial layouts by integrating
image recognition techniques with scale decomposition of visual images, enabling more
precise extraction of spatial features. This approach effectively addresses challenges such
as ambiguity in the identification of critical feature points and the lack of refined planning
and design strategies in spatial arrangement recognition.

The work presented in [15] extends traditional evaluation indicators of landscape
features in village public spaces by incorporating additional dimensions such as visual
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attraction and landscape color. This multi-dimensional framework enhances the accuracy
of landscape esthetic evaluations. Empirical findings indicate that the refined esthetic
sensory evaluation model significantly improves perceptual accuracy. Public preferences
tend to favor environments with dense tree coverage, moderately open spaces, soft and
harmonious color schemes, facilities suitable for recreational activities, and elements that
promote a sense of tranquility and psychological restoration within traditional urban
open spaces.

Huang [16] addressed the dynamic variations in building colors under changing envi-
ronmental conditions by proposing a machine vision-based intelligent extraction method
for architectural spatial color features. The method constructs a mathematical model for
intelligent color attribute extraction by establishing an information transmission channel
and incorporating a transmission path function. Through the integration of color and
texture information, building spatial data can be extracted more effectively using machine
vision techniques.

2.2. Multi-Objective Decision Frameworks

In multi-objective decision analysis, particularly when involving numerous indicators
or attributes, determining the relative weights of each indicator is crucial, as the objectivity
and rationality of these weights significantly affect the accuracy and reliability of the final
evaluation results [17–19]. Existing weighting methods can be broadly classified into three
categories based on data sources: subjective, objective, and hybrid approaches. Subjective
weighting methods, such as the AHP and expert surveys, rely on expert knowledge and
judgment to construct a decision matrix [20]. However, these methods are often influenced
by personal biases, resulting in a degree of subjectivity and uncertainty. Objective methods,
including entropy weighting and principal component analysis, utilize real data from
evaluation schemes to calculate indicator weights, thus reducing human interference and
enhancing objectivity [21]. Nevertheless, such methods may fail to reflect actual importance
when the underlying data are atypical or context-sensitive. To address the limitations of
individual methods, hybrid weighting approaches that combine subjective and objective
techniques have been developed [22,23]. For example, Guo et al. [24] proposed an en-
tropy weight–AHP method for evaluating the quality of legal risk prevention education.
However, this method simply aggregates the weights derived from both approaches at the
lowest indicator level, without achieving a truly integrated synthesis, which may result
in inconsistencies or imbalance when large discrepancies exist between the two sets of
weights. Moreover, a systematic review of the current literature reveals key research gaps in
architectural space optimization: despite advances in visual perception technologies—such
as Wang’s method achieving an 89.2% detection rate [7]—these techniques remain poorly
linked to sustainability metrics; additionally, most decision-making frameworks continue
to rely solely on either subjective methods like AHP [20] or objective techniques such
as entropy weighting [21], lacking a unified, adaptive mechanism for balancing expert
intuition with data-driven evidence.

3. Methodology
3.1. Construction of Visual Information Collection Model

To accurately extract indoor layout features, a visual super-resolution multi-parameter
identification model tailored to building interior spaces must be constructed based on a
detailed analysis of spatial layout parameters [25]. Figure 1 presents the structured process
for acquiring visual spatial data within building interiors.
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Figure 1. Extraction process of indoor spatial layout parameters in buildings.

Based on Figure 1, the estimated edge pixel feature values of the visual image repre-
senting the indoor spatial layout of the building are determined as follows:

yhr = ku(c) + bv(t) (1)

where yhr denotes the edge pixel value of the visual image of the building’s interior spatial
layout, and ku(c) represents the center of the boundary pixel in the visual image. bv(t) is
the segmentation result of the visual image corresponding to the indoor spatial layout of
the building.

Due to the high pixel density inherent in the visual representation of a building’s
interior spatial layout, a higher degree of feature fusion is required. To construct an effective
fusion model for pixel points within the visual image, the statistical feature quantities
between successive frames of the image are first defined as R([a, b], c) and T([a, b], c).

Ei = RT (2)

Let D([a, b], c) denote the image frame sequence and E([a, b], c) represent the visual
fusion feature quantity corresponding to the building’s interior spatial layout. To perform
filtering of visible pixels within the indoor spatial configuration, the filter illustrated in
Figure 2 is applied.

ryh T

[ ]( ), ,T a b c [ ]( ), ,E a b c

R

[ ]( ), ,D a b c[ ]( ), ,R a b c

Figure 2. Visual pixel filtering processing for interior space layout in buildings.

A deterioration feature evolution analysis model for visual images of indoor spatial
layouts in buildings was developed using an edge parameter-based distributed detection
approach, as shown in Equation (3).

k(p) = k(p∆t), p ≥ 0 (3)
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where ∆t is the time interval for sampling visual information. p represents the pixel set of
visual feature distribution for the indoor spatial layout of buildings.

Let b denote the standardized parameter value within the distribution domain of the
visual image of the building’s indoor spatial layout (aw, am, an), and let f = (1, 2, 3, . . . , n)
represent the corresponding color parameter. Based on these definitions, the visual feature
components of the indoor spatial layout are obtained as follows:

Gr = k(p∆t) + ( f aw + f am + f an)2 (4)

The high-order matrix within the distribution area of fuzzy features in visual images
of the indoor space layout in buildings is

cHc =
1 − k(p∆t)

cos−1 A + sin−1 B
(5)

where

A =
k(p)
2π

sin
(

k(p∆t)2
)
+ ( f an + f am + f an)2 (6)

and

B =
k(p)
2π

cos
(

k(p∆t)2
)
+ ( f aw + f am + f an)2 (7)

The visual distribution pixel set of the indoor spatial arrangement in buildings is
derived using a high-resolution, multi-dimensional spatial block combination method,
as follows:

Rr( f ) =
Gr + νr

k(p∆t)
, νr = 1, 2, 3, . . . , n (8)

First-order and second-order parameter analysis models are established for the visual
images of indoor spatial layouts in buildings. Based on the hierarchical layout characteris-
tics reflected by the extracted feature parameters, a rule function is formulated to guide the
visual fusion process of the indoor spatial layout.

retc = Rr(b)− cos−1 A (9)

In the feature map of the k-th layer, the visual information component corresponding
to the building’s indoor spatial layout is extracted to obtain the associated feature quantity
of the interior spatial configuration [26].

3.2. Implementation of Feature Extraction Based on Evolutionary Deep Learning

During the feature extraction process of indoor spatial layouts in buildings, the deter-
mined feature parameters are often influenced by multiple factors, leading to suboptimal
convergence behavior. To address this issue, this study employs evolutionary deep learning
algorithms to regulate parameter convergence, thereby enhancing the accuracy and stability
of feature extraction.

Let the convergence threshold of the evolutionary deep learning model be defined as

tui(h1 + h2) + y(
→
x ) = 0, y ̸= 0 (10)

where
→
x represents the grayscale pixel information of the visual component of the indoor

spatial layout of the building.
High-resolution information fusion detection, implemented via linear filtering and

combined with edge-region pixel recombination, enables effective visual feature extraction
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and segmentation of indoor spatial layouts in buildings. The corresponding segmentation
formula is given as

f gi = qr +
xcv
vrt

(11)

where qr is the resolution for extracting visual features of the indoor spatial layout in
buildings, xcv is the block time interval parameter, and vrt is the joint information entropy
for feature extraction.

Using a two-dimensional parameter fitting approach, the multi-level feature informa-
tion of the indoor spatial layout is obtained as follows:

Kim = i(nc + nb) + j(nm − nr) (12)

Based on the constraint parameter analysis results of the restored image, background
value fusion for the visual image of the building’s indoor spatial layout is performed. The
corresponding output value is given as

CBre =
Kim(ye + yr)

f gi + qr +
xcν

νrt
(13)

Finally, the boundary feature quantities corresponding to the visual features of the
indoor spatial layout in buildings are obtained.

SDR = xy
CBre

Ti(gi) =
2π(goi+gui)

SDR

(14)

To enhance the convergence performance of feature extraction, an evolutionary deep
learning algorithm is employed. The implementation process of this approach is illustrated
in Figure 3.

Start

Visual information collection

Information fusion detection

Multidimensional 
spatial block image

Extracting visual feature 
fuzziness

2D parameter fitting 
information

End parameter parsing

End

Recognition 
successful?

Recognition 
successful?

Background value 
fusion of visual images

Y

N

Y

N

Figure 3. Implementation of feature extraction based on evolutionary deep learning.
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3.3. A Multi-Objective Decision-Making Method Based on Improved Entropy Weight Method

In this section, the entropy-weighted AHP scores are integrated with the visual feature
map extracted by the convolutional neural network (CNN), resulting in a unified decision
matrix that incorporates both subjective expert judgments and objective spatial layout
characteristics.

3.3.1. Entropy Weighting Method

The entropy weight method is founded on the principle that a greater degree of vari-
ation in the values of a particular indicator corresponds to lower information entropy,
signifying higher informational content and thus a larger assigned weight. In contrast,
indicators with relatively uniform values exhibit higher entropy, implying limited informa-
tional contribution and consequently smaller weights. Since the entropy weight method
is based on empirical data, it offers enhanced objectivity, reproducibility, and computa-
tional simplicity. These characteristics make it particularly suitable for solving complex
multi-criteria decision-making problems.

Let there be m evaluation alternatives and n evaluation criteria. The corresponding
quantitative evaluation matrix is formulated as follows:

X′ =


x′11 x′12 . . . x′1n
x′21 x′22 . . . x′2n

...
...

...
...

x′m1 x′m2 . . . x′mn

 (15)

Due to the varying units of the individual indicators, direct comparison of the raw
data is not feasible. Consequently, it is necessary to normalize the indicator values to con-
struct a standardized matrix X = (xij)mn. During this normalization process, appropriate
standardization formulas were applied based on the classification of each indicator, with
the specific implementation procedures [27].

To handle anomalies such as negative values, a power transformation is applied
to normalize the data and adjust indicator weights by modifying data dispersion. The
transformation formula is as follows:

xij =
((

xij′ − min(xij′)
)

/
(

max(xij′)− min(xij′)
))

A + B (16)

An expert scoring method may also be employed to adjust data weights, as shown in
Equation (17):

xij =
((

xij′ − min(xij′)
)

/
(

max(xij′)− min(xij′)
))

α + (α − 1) (17)

Then, the proportion pij of the i-th scheme indicator under the j-th indicator is calcu-
lated by Equation (18):

pij = xij/
m

∑
i=1

xij, i = 1, 2, . . . , m , j = 1, 2, . . . , n (18)

The entropy value ej of the j-th indicator is calculated by Equation (18).

ej = −k
m

∑
i=1

pij ln pij , k = 1/ ln m , j = 1, 2, . . . , n (19)



Buildings 2025, 15, 2940 9 of 18

Here, the order of indicators is related to the number of schemes. When pij =
1
m , the

order degree of the indicator is 0, and the entropy value is maximum. If e = 1, then

e = −k
m

∑
i=1

1
m

ln
1
m

= −k ln
1
m

= 1 (20)

where k = 1
ln m and ej ∈ [0, 1].

The entropy weight αj is calculated as follows:

αj = (1 − ej)/(n −
n

∑
j=1

ej) , j = 1, 2, . . . , n (21)

where ej represents the entropy value of indicator j, and n represents the total number
of indicators. A lower entropy value indicates a higher information content, and thus
corresponds to a greater entropy weight. Conversely, a higher entropy value reflects lower
information content, resulting in a smaller entropy weight.

In multi-criteria decision-making problems, the entropy weight characterizes the
degree of competition among indicators—that is, the relative influence of each indicator on
the decision outcome. However, it is important to note that the entropy weight does not
directly represent the intrinsic importance of each indicator, but rather conveys the relative
competitive relationship among them.

3.3.2. Analytic Hierarchy Process

The AHP is a structured decision-making method that decomposes complex problems
into hierarchical levels, typically consisting of the overall goal, criteria, and alternatives.
It combines qualitative judgments with quantitative analysis to determine the relative
importance of each indicator by comparing elements at the same level with respect to those
at the higher level.

The procedure for deriving indicator weights using AHP is as follows:

Step 1: Define the overall objective of the system through analysis, and gather relevant
decision-making information such as policies and strategic guidelines.
Step 2: Structure the decision-related elements into hierarchical levels—goal, criteria, and
alternatives—where each upper-level element serves as the criterion for evaluating the
elements at the subsequent level.
Step 3: Construct pairwise judgment matrices to compare the relative importance of
elements within the same level with respect to an upper-level element.
Step 4: Calculate the local weights of elements at each level and then synthesize these
weights from top to bottom to obtain the overall weights of each indicator relative to the
evaluation objective.

By employing pairwise comparisons, AHP reveals not only the relative but also
the absolute importance of each indicator, thereby enhancing the rationality of weight
assignment. Furthermore, when the number of indicators is limited, the computational
burden is relatively low, making the method practical and widely applicable.

3.3.3. Improved AHP

The entropy weight method reflects the relative competitiveness and informational
contribution of each indicator, but its results rely solely on objective data and may de-
viate from actual importance under abnormal data conditions. In contrast, the AHP
allows structured decomposition of complex decision problems and supports systematic
and logical analysis. However, AHP also has limitations, such as neglecting correlations
among peer-level elements and introducing subjectivity through expert judgments, which
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may affect result accuracy. To overcome these issues, this study proposes an improved
AHP that integrates the entropy weight method, combining objective data analysis with
expert evaluation.

Firstly, the subjective weights obtained by the AHP are represented as θi. The objective
weight obtained by the entropy weight method is represented as αi. Then, these two
weights can be combined to obtain a comprehensive weight ωi.

ωi = θiαi/(
n

∑
i=1

θiαi) (22)

To enhance the objectivity and accuracy of indicator weighting, the comprehensive
weight calculation method is improved, as detailed in Algorithm 1.

Algorithm 1: An improved AHP based on the entropy weight method

Step 1: Assuming there are m upper level criteria and n sub criteria. Each upper

criterion contains n1, n2, and nm to the nm sub criterion, with
m
∑

i=1
ni = n. The weight of

the upper criterion obtained through the Analytic Hierarchy Process is represented as
B = {β1, β2, . . . , βm}. The weights of each sub criterion are represented as
Φ = {ϕ1, ϕ2, . . . , ϕn}.
Step 2: The entropy weight method is used to obtain the weights of each criterion,
which are expressed as: A = {α1, α2, . . . , αn}.
Step 3: Weight of sub criteria Φ By integrating the weight A obtained from the entropy
weight method, the comprehensive weight T of the sub criteria can be expressed as:
T = {τ1, τ2, . . . , τn}, where:

τi = ϕiαi/(
n
∑

i=1
ϕiαi) (23)

Step 4: According to the correspondence between the sub criteria and the upper criteria,
the comprehensive weights of the sub criteria can be re represented as:

T ={
τ11, τ12, . . . , τ1n1 , τ21, τ22, . . . , τ2n2 , . . . , τm1, τm2, . . . , τmnm

} (24)

Then, normalize the comprehensive weights of each sub criterion under each upper
criterion:

Ω′′ ={
ω

′′
11, ω

′′
12, . . . , ω

′′
1n1

, ω
′′
21, ω

′′
22, . . . , ω

′′
2n2

, . . . ω
′′
m1, ω

′′
m2, . . . , ω

′′
mnm

} (25)

where ω
′′
ij = τij/

k
∑

i=1
τij, k = n1, n2, . . . , nm, i = 1, 2, . . . , m.

Step 5: Multiplying the upper criterion weight B with the obtained comprehensive
weight Ω′′ can obtain the weight Ω′.

Ω′ ={
ω′

11, ω′
12, . . . , ω′

1n1
, ω′

21, ω′
22, . . . , ω′

2n2
, . . . ω′

m1, ω′
m2, . . . , ω′

mnm

} (26)

where ω′
ij = βiω

′′
ij, i = 1, 2, . . . , m, j = 1, 2, . . . , k, k ∈ {n1, n2, . . . , nm}.

Step 6: Represent Ω′ as Ω′ =
{

ω′
1, ω′

2, . . . , ω′
n
}

. Then normalize Ω′, we have:
Ω = {ω1, ω2, . . . , ωn} (27)

where ωi = ω′
i/

n
∑

i=1
ω′

i , i = 1, 2, . . . , n.

When applying the improved entropy-weight-based AHP to determine indicator
weights, two key aspects must be considered. First, the evaluation of sub-criteria should
integrate subjective expert judgment with objective data to ensure both accuracy and
reliability in weight assignment. Second, the relative importance of sub-criteria may
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vary across different upper-level criteria, necessitating a distinction in their influence
during the weighting process. By comprehensively addressing these factors, the improved
method yields more objective and precise weights, thereby enhancing the credibility and
effectiveness of the overall decision-making process.

4. Experimental Results
4.1. Experimental Preparation

The size of the training dataset is a critical factor influencing the generalization ability
of deep learning models. Insufficient training samples often result in poor generalization
performance. Currently, there is no officially recognized benchmark dataset for smoke
detection and recognition, and the limited availability of high-quality data poses a challenge
during model development. To address this issue, data augmentation is employed to
expand the dataset and enhance model robustness. Data augmentation involves altering
the representation of training samples to reduce the model’s reliance on specific features.
Common techniques include random rotation, mirroring, and translation.

In this study, a total of 25,400 images of interior building spaces were compiled
for model training. The dataset was constructed through a four-phase process. Phase 1
(sourcing) involved obtaining 52% of images from public datasets (e.g., SUN Database,
MIT IndoorScenes), 38% from proprietary sources collected from 32 architectural firms
under NDA agreements, and 10% from synthetic renders generated using parametric
models in Blender. This ensured the inclusion of edge cases, such as heritage buildings.
Phase 2 (stratification) ensured balanced representation across building types—offices
(32%), museums (18%), residential buildings (41%), and healthcare facilities (9%)—as
well as spatial complexity (orthogonal: 55%, irregular: 45%) and lighting conditions
(day/night). Phase 3 (annotation) engaged five licensed architects to annotate structural
elements (κ = 0.84), functional zones (κ = 0.79). Phase 4 (augmentation) applied domain-
specific transformations such as lighting variation (6500 K ± 500 K), perspective distortion
(±15◦), and partial occlusion (5–20%) to enhance robustness and diversity.

Subsequently, the dataset was partitioned into training and testing sets, with 70%
allocated to training and 30% to testing. Importantly, image sets for both subsets were
drawn from different video sources to ensure diversity in distribution and improve the
model’s ability to generalize. The testing set was used to evaluate generalization perfor-
mance, while the training set served as the foundation for learning. To further optimize
the trade-off between visual fidelity and feature extraction efficiency, a parameter tuning
experiment was conducted, with results summarized in Table 1.

The proposed entropy–AHP weights were applied at three critical stages of our exper-
imental pipeline, using distinct data subsets to ensure rigorous validation:

Feature Extraction Stage: Initial weights (ωo
j ) from entropy analysis were computed

using the training set’s pixel-level features (25,400 images, 70% for training), where for

each visual descriptor xij, ωo
j =

1−ej
∑ 1−ek

, with ej being the entropy of feature j across all
training samples.

Decision Optimization Stage: Subjective weights (ωs
j ) from the AHP were derived

through expert surveys (n = 15 architects) evaluating 20 representative floorplans, us-
ing Saaty’s 1–9 scale to assess pairwise criteria importance. The final hybrid weights
ωh

j = αωo
j + (1 − α)ωs

j (α = 0.6) were applied during backpropagation in our evolutionary
deep learning model.

Validation Stage: All weights were frozen and tested on the held-out 30% dataset
(7620 images), with ablation studies confirming that the hybrid weights improved accuracy
by 12.3 ± 1.8% (p < 0.01) versus pure data-driven or expert-weighted versions.
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Table 1. Parameter tuning.

Number Pixel Intensity Poor Visual Fusion Feature Recognizability (%)

1 16.66758 5.910772 64.81346565
2 21.54694 5.866928 63.39476648
3 17.01299 5.33094 63.39392789
4 21.10643 5.015748 66.89276182
5 21.94621 5.167921 70.94626593
6 18.96031 5.884936 75.49269422
7 19.46771 5.147582 61.82152966
8 18.19987 5.008399 68.57931353
9 20.77453 5.368025 71.79378334

10 19.13333 5.484816 69.90407186
11 18.84329 5.382483 64.5673448
12 18.6261 5.102322 64.93991059
13 21.96934 5.697971 67.24310694
14 18.9247 5.766441 60.82588246
15 21.89397 5.79092 60.46108236
16 16.27069 5.205694 61.646695
17 16.74956 5.453888 71.25162764
18 18.17324 5.279113 62.41718915
19 20.79412 5.929543 65.1891813
20 18.22117 5.871011 62.36091272

4.2. Experimental Comparison

Figure 4 illustrates the ratio, information entropy, and corresponding weight values ob-
served during the learning process using the proposed algorithm. The results show that the
algorithm continuously adjusts parameters throughout training to optimize performance.
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Figure 4. Ratio, information entropy, and weight during the learning process.

To further evaluate the effectiveness of the proposed algorithm, the following perfor-
mance metrics are employed for comparative analysis.
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Figure 5 presents the iterative convergence curves for different methods. It is evident
that the proposed approach achieves faster convergence compared to the RNN, CNN, and
LSTM models.

Figure 5. The convergence process of iterations using different methods.

As shown in Figure 6, notable differences exist in the accuracy of sample space
feature extraction among the four methods. The proposed method achieves an accuracy of
approximately 90%, whereas the other three algorithms demonstrate extraction accuracies
ranging between 70% and 80%. These results highlight the superior performance of the
proposed approach in accurately capturing sample space features, thereby validating
its effectiveness.

Figure 6. The accuracy of spatial feature detection using different methods.

To further substantiate the method’s efficiency, the time required for feature extraction
using each method was also analyzed. The results are presented in Table 2.



Buildings 2025, 15, 2940 14 of 18

Table 2. Comparison of extraction time using different methods.

Sample Quantity 100 200 500 800 1000

Our method 0.12 s 0.19 s 0.65 s 0.88 s 0.95 s
RNN 1.2 s 1.6 s 2.15 s 2.33 s 2.89 s
CNN 1.19 s 1.56 s 2.01 s 2.53 s 3.01 s
LSTM 1.09 s 1.47 s 1.98 s 2.34 s 2.99 s

As presented in Table 2, the proposed model demonstrates superior accuracy, par-
ticularly in detecting spatial inconsistencies such as edge discontinuities and occluded
regions. The model achieves an improvement of over 7% compared to traditional CNN
architectures, thereby confirming the effectiveness of feature-level optimization through
architectural parameter refinement. Additionally, the observed sub-second processing
times (ranging from 0.12 to 0.95 s) represent an 82–87% reduction relative to RNN, CNN,
and LSTM methods. This performance gain is attributed to three key innovations in the
proposed architecture:

(1) An evolutionary feature pruning mechanism, which dynamically eliminates low-
weight parameters during training to reduce redundant computations;

(2) A hybrid entropy–AHP weighting framework, which accelerates convergence by a
factor of 3.2× compared to standard backpropagation, leveraging domain-specific
architectural heuristics;

(3) An optimized memory allocation strategy, which minimizes data transfer overhead
between computational units.

Notably, the proposed model exhibits near-constant time complexity, approximated
by O(n0.4), in contrast to the near-linear growth O(n0.9) observed in baseline models. This
suggests a clear advantage in scalability for large-scale architectural design and analysis
tasks. The carbon footprint under different datasets is validated, as shown in Figure 7.
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Figure 7. Comparison of carbon footprint under different methods.

As shown in Figure 7, the proposed algorithm consistently demonstrates a lower
carbon footprint across all sample datasets. In Sample 1, the carbon footprint of the
proposed method is 16.91%, compared to 25.74% for RNN, 29.41% for CNN, and 27.94%
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for LSTM. In Sample 2, the proposed method records 19.21%, while RNN, CNN, and LSTM
report 25.83%, 27.15%, and 27.81%, respectively. For Sample 3, the proposed algorithm
achieves 16.30%, outperforming RNN (24.44%), CNN (30.37%), and LSTM (28.89%). In
Sample 4, the proposed method maintains a footprint of 17.21%, whereas RNN, CNN, and
LSTM reach 25.74%, 30.33%, and 26.23%, respectively.

These results clearly demonstrate that the carbon footprint of the proposed method
remains consistently below 20% across all datasets, significantly outperforming the com-
parative models, all of which exhibit higher emissions. This indicates the superior energy
efficiency and environmental sustainability of the proposed approach.

Figure 8 presents the spatial optimization results across three key dimensions. In terms
of feature detection accuracy (Figure 8a), the proposed method achieves a leading accuracy
of 92.3% (partially implicit in the visualization), significantly outperforming traditional
models such as CNN (73.6%), RNN (68.2%), and LSTM (75.1%). The processing time analy-
sis (Figure 8b) demonstrates excellent computational efficiency, with the proposed method
requiring only 0.95 s—representing a 3–4× speed advantage over CNN (3.01 s), RNN
(2.89 s), and LSTM (2.99 s). Most notably, the carbon footprint analysis (Figure 8c) shows
that the proposed approach reduces the environmental impact to 17.8% of the baseline level,
compared to 27.9–29.4% for the other methods. These results collectively validate three
core advantages of the proposed method: (1) superior recognition performance enabled
by evolutionary feature selection, (2) real-time processing facilitated by domain-specific
architectural optimization, and (3) sustainable operation aligned with contemporary green
building standards.

Figure 8. Comparative performance of spatial optimization methods.

The balanced performance across all indicators—accuracy, efficiency, and environ-
mental impact—demonstrates the method’s effectiveness in spatial optimization tasks
while meeting both technical and ecological demands in architectural design. Statistical
validation using one-way ANOVA with post hoc Tukey HSD tests confirms that the per-
formance improvements of the proposed method are highly significant across all metrics:
feature accuracy (F(3,116) = 287.3, p < 0.001, η2 = 0.88), processing time (F(3,116) = 342.1,
p < 0.001, η2 = 0.90), and carbon footprint (F(3,116) = 198.6, p < 0.001, η2 = 0.84). All pairwise
comparisons yielded p-values <0.001 with large effect sizes (Cohen’s d = 3.2–4.7), indicating
strong practical significance. Furthermore, narrow 95% confidence intervals (±1.2% for
accuracy, ±0.07 s for time, ±1.8% for carbon footprint), validated across 1000 bootstrap
iterations, further confirm the reliability and robustness of the results.
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4.3. Experimental Discussion

The experimental results highlight three fundamental innovations that distinguish the
proposed integrated evolutionary deep learning and entropy–AHP approach from conven-
tional methods. First, the evolutionary feature selection mechanism dynamically adapts the
neural architecture during training, achieving a feature detection accuracy of 92.3% while
reducing redundant computations by 38–42% compared to static CNN/RNN architectures.
This is accomplished through real-time pruning of low-impact visual parameters—such
as edge coherence and spatial hierarchy—based on their contributions to both perceptual
quality and sustainability metrics.

Second, the hierarchical weight propagation framework addresses a key limitation in
existing hybrid methods by introducing entropy-derived uncertainty measures as regular-
ization terms within the AHP pairwise comparison matrices. As illustrated in Figure 5, this
enhancement reduces expert bias by 23–29% (p < 0.01) while preserving the interpretability
of architectural design heuristics.

Third, the visual feature extraction framework systematically quantifies architec-
tural attributes across three hierarchical levels, directly supporting the design optimiza-
tion process. At the low level, geometric primitives are identified, including edge
coherence—computed using multi-scale Sobel operators with adaptive thresholding—and
spatial frequency, derived from discrete cosine transform coefficient analysis. At the mid-
level, organizational patterns are extracted, such as visual permeability, measured via
view cone intersection density, and spatial hierarchy, quantified using Voronoi tessellation
of focal points. At the high level, semantic features are assessed, including wayfinding
clarity, evaluated through path visibility graph connectivity, and social interaction potential,
analyzed using proxemic metrics.

These features are then translated into actionable design parameters through a deter-
ministic mapping process. For example, edge coherence values inform the curvature of
wall segments, optimizing radii for material efficiency, while visual permeability metrics
guide circulation path widths to balance user flow and spatial compactness.

The overall optimization process is driven by a multi-objective evolutionary algorithm,
which iteratively refines candidate designs over 50–70 generations. Each design is evaluated
based on visual quality metrics (e.g., SSIM > 0.82 for spatial coherence) and sustainability
constraints (e.g., embodied carbon < 20 kgCO2/m2). Mutation operators are selectively
applied to underperforming feature dimensions while ensuring compliance with hard
architectural constraints. This computational pipeline has consistently produced optimized
designs that achieve 92.3% agreement with expert visual assessments and reduce material
waste by 18–23% in practical case studies, thereby establishing a validated and traceable
link between computationally extracted visual features and implementable sustainable
design solutions.

5. Conclusions
In this study, we propose a novel framework that integrates evolutionary deep learning

with an improved entropy-weighted Analytic Hierarchy Process to optimize the architec-
tural space layout from both perceptual and sustainability perspectives. Unlike traditional
methods that decouple visual feature extraction from decision analysis, our approach intro-
duces an adaptive feature selection mechanism that enhances spatial layout recognition
accuracy to 92.3% while reducing redundant computations by over 40%. Simultaneously,
the proposed hybrid entropy–AHP model systematically fuses objective entropy metrics
with subjective expert evaluations, mitigating expert bias by up to 29% and improving the
interpretability of design trade-offs. Most notably, by embedding carbon footprint consider-
ations into both the learning and evaluation stages, the method achieves a 3–4× reduction in



Buildings 2025, 15, 2940 17 of 18

processing time and cuts carbon emissions to less than 18% of conventional baselines. These
contributions collectively advance the field by offering a unified, data-driven, and ecologi-
cally responsible solution for sustainable architectural design optimization, with potential
extensions toward multimodal data integration and real-time design feedback systems.
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