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The composition optimization of architectural interior design images has long relied on
human experience, resulting in low optimization efficiency, subjective evaluation criteria,
and a lack of constraints from professional design guidelines, which severely restricts the
standardization and automation of interior design visualization schemes. To address the
above issues, this paper proposes an automatic image composition optimization and visual
perception simulation evaluation method for interior design images, integrating interior
composition prior knowledge, generative deep learning, and cognitive science. This method
constructs a differentiable prior module for assessing interior composition quality,
quantitatively embedding abstract interior design composition criteria into the optimization
process; an end-to-end sparse displacement field-guided generative network is designed to
intelligently relocate movable objects and accurately restore background content, avoiding
content loss and distortion of traditional methods; a multidimensional, no-reference visual
perception simulation evaluation system based on cognitive science is built to achieve
objective quantitative assessment of optimization results. Experimental results show that the
proposed method significantly outperforms traditional cropping, image retargeting, and
mainstream deep learning composition optimization algorithms in key indicators such as
subjective aesthetic scores, visual saliency concentration, and eye movement path
efficiency, effectively improving the compositional quality of interior design images, and
realizing automated and standardized composition optimization and perceptual evaluation,
providing technical support for efficient optimization of architectural interior visualization
schemes.

1. INTRODUCTION

The core of architectural interior environment design is to

optimization process lacks constraints from composition rules
specific to interior scenes, easily generating images that
violate professional design principles such as spatial

construct a spatial experience that meets user requirements and
professional aesthetic standards through reasonable spatial
layout, element arrangement, and light-shadow control [1-3].
As a visualization carrier of design schemes, the composition
quality of interior design images directly determines the
efficiency of conveying design intentions, the accuracy of
scheme evaluation, and the visual perception experience of
users [4, 5]. Traditional interior design image composition
optimization highly relies on designers’ experience, with
prominent problems such as low optimization efficiency,
subjective evaluation criteria, and poor cross-designer
consistency, making it difficult to meet the large-scale and
high-efficiency requirements of modern architectural interior
design industrialization [6, 7]. With the rapid development of
computer vision [8] and deep learning technologies [9],
automatic image composition optimization has become a
research hotspot in the intersection of computer vision and
design. However, existing automated methods mostly focus on
general scene images [10, 11] and lack sufficient targeting for
interior design scenarios, with two main bottlenecks: the
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perspective and visual balance [12]; the evaluation of
optimization results mostly relies on manual subjective
scoring, lacking an objective and quantifiable cognitive
science-guided evaluation system, making it difficult to
accurately represent the visual perception quality and design
rationality of images [13]. Therefore, conducting research on
automatic composition  optimization algorithms for
architectural interior design images and constructing matching
objective visual perception simulation evaluation methods has
important theoretical and practical value for promoting the
automated generation and optimization of interior design
schemes, improving design efficiency, and unifying
evaluation standards, providing technical support for the
intelligent development of architectural interior design
visualization.

Traditional image composition optimization methods are
centered on image cropping and retargeting, achieving
composition adjustment through low-level visual feature
extraction. Although simple to operate, these methods have
obvious limitations, lacking deep understanding of scene
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semantics and professional composition rules, and are difficult
to adapt to the complex spatial logic and aesthetic
requirements of interior design scenarios [14, 15]. The rise of
deep learning technologies provides a new technical path for

image composition optimization. Methods based on
generative adversarial networks and Transformers can
generate and reorganize image content, significantly

improving the flexibility of composition optimization.
However, existing deep learning-based composition
optimization methods mostly target general scenes [16, 17]
and do not fully combine design rules specific to interior
scenes such as perspective consistency and spatial balance,
making optimization results prone to spatial logic confusion
and unreasonable element arrangement. Some studies attempt
to integrate semantic information into composition
optimization, but semantic modeling only stays at the region
recognition level [18, 19], without achieving computable
quantification of professional design rules, limiting the
constraint effect on the optimization process and failing to
meet professional requirements of interior design.
Corresponding to composition optimization methods, the field
of image visual perception evaluation also has similar
limitations. Existing evaluation methods are mainly divided
into subjective evaluation and objective evaluation. Although
subjective evaluation conforms to human cognitive habits, it
has inherent defects such as being time-consuming, highly
subjective, and inconsistent, and cannot meet the high-
efficiency evaluation requirements of automated composition
optimization [20]. Objective evaluation methods are mainly
based on low-level visual features or aesthetic models. These
methods do not incorporate visual attention mechanisms from
cognitive science, making it difficult to accurately represent
human perception and cognition of interior design images, and
the evaluation results significantly deviate from human
subjective perception [21]. Eye-tracking technology has been
proven to effectively reflect human visual attention patterns.
Some studies attempt to integrate eye movement features into
image evaluation, but relevant research mostly focuses on
general images [22, 23], without constructing a dedicated
evaluation system for interior design scenarios, and lacks a no-
reference automated evaluation implementation, making it
difficult to form an effective match with automated
composition optimization methods and failing to achieve
closed-loop interaction between optimization and evaluation.
Comprehensively analyzing existing research results, there
are still three core deficiencies in the research on composition
optimization and visual perception evaluation of architectural
interior design images: first, there is a lack of computable
composition prior modeling methods specific to interior
scenes, failing to transform professional design rules such as
perspective consistency, visual balance, and white space ratio
into quantifiable and differentiable constraint modules,
making the optimization results prone to violating interior
spatial design logic; second, the content generation and
restoration capability of composition optimization networks is
insufficient, making it difficult to achieve precise relocation of
movable objects and consistent restoration of background light
and shadow, prone to content holes, texture distortion, and
other problems, affecting the realism and aesthetics of
optimized images; third, the visual perception evaluation
system lacks cognitive science support, failing to construct a
no-reference objective evaluation system integrating visual
attention mechanisms and eye movement behavior features,
unable to accurately quantify the perception quality and
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composition guidance effect of interior design images, and
difficult to objectively verify the effectiveness of optimization
algorithms.

To address the above research deficiencies, this paper
proposes an automatic image composition optimization
algorithm and visual perception simulation evaluation method
for architectural interior environment design. The core
innovations are reflected in three aspects: proposing a
computable modeling method for interior composition prior
knowledge, constructing a differentiable composition
aesthetic evaluation prior module including perspective
consistency loss, visual balance loss, and white space ratio loss,
achieving quantitative embedding and gradient constraint of
professional design rules; designing an end-to-end sparse
displacement  field-guided  composition  optimization
generative network to realize intelligent relocation of movable
objects and accurate restoration of background content,
solving the problems of content loss and distortion in
traditional methods; building a multidimensional no-reference
visual perception simulation evaluation system based on
cognitive science, integrating visual saliency analysis, virtual
eye movement simulation, and no-reference aesthetic scoring,
achieving objective quantitative evaluation of optimization
results and overcoming the limitations of manual subjective
evaluation. The chapter arrangement of this paper is as follows:
Chapter 2 describes the computable modeling method of
interior composition prior knowledge; Chapter 3 details the
design of the composition optimization generative network
based on generative adversarial networks; Chapter 4
constructs the cognitive science-guided visual perception
simulation evaluation system; Chapter 5 verifies the
effectiveness and superiority of the proposed method through
experiments; Chapter 6 summarizes the research results of the
paper and discusses future research directions.

2. COMPUTABLE MODELING OF
COMPOSITION PRIOR KNOWLEDGE

INTERIOR

2.1 Fine-grained semantic parsing of interior scenes

Figure 1 shows the overall framework of automatic image
composition optimization and simulation evaluation for
interior design images. As shown in the figure, the computable
modeling of interior composition prior knowledge requires
precise semantic parsing of interior scenes as the basis. Only
by clearly identifying key regions and element types in the
image can abstract composition rules be quantitatively
transformed and gradient-constrained. In this paper, a pre-
trained DeepLabV3+ semantic segmentation network is used
to perform pixel-level semantic segmentation on input interior
design images, accurately identifying key semantic regions
such as floors, walls, ceilings, core furniture, and decorative
elements, and outputting semantic segmentation maps and
class probability maps to provide basic semantic information
for the subsequent design of composition prior losses.
Considering the spatial layout characteristics of interior scenes,
secondary optimization of the semantic segmentation results is
required. By performing connected component analysis to
remove noisy regions and correcting semantic categories
based on spatial positional relationships, it ensures that the
semantic parsing results conform to the logic of interior spatial
layout, thereby providing precise and reliable regional
semantic support for the computable modeling of composition
prior rules.
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Figure 1. Overall framework of automatic image composition optimization and simulation evaluation for interior design images

2.2 Design of differentiable composition prior loss

Perspective consistency is the core logical principle of
interior spatial composition. Existing methods are difficult to
convert it into a differentiable constraint, resulting in
optimization outcomes prone to spatial logic confusion. This
paper innovatively quantifies interior perspective rules into a
differentiable perspective consistency loss, accurately
detecting the main perspective lines of the image through deep
Hough transform, and quantifying perspective error based on
the arrangement direction of core furniture. Let the main
perspective line direction vector be ¥p,4nisn, and the set of core
furniture regions be F = {fy, f5,..., fn}. By extracting the
main arrangement direction vector ﬁfiof each furniture region
f; via the minimum bounding rectangle, the perspective error
of a single piece of furniture is defined to quantify the
deviation of furniture arrangement from the perspective line:

> =
_ |vfl vvanish'

€;
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||‘_;fl|| ' ||‘_;vanish||

507

The perspective consistency loss is the mean of all core
furniture perspective errors, i.e.:

n

1
Lperspective: ; Z €; (2)
=1
This loss can directly participate in gradient

backpropagation, penalizing perspective deviation to force
optimized furniture arrangements to maintain consistency with
interior spatial perspective rules, solving the problem that
traditional methods cannot quantify perspective rules as
constraints.

Visual balance is the core aesthetic requirement of interior
composition.  Existing  semantic-driven  composition
optimization only achieves region recognition and does not
establish a quantitative mechanism for visual weight, making
it difficult to ensure composition balance. This paper
innovatively proposes a visual balance loss based on semantic
weights and the principle of moment equilibrium, accurately
calculating balance errors by quantifying the visual weights of
semantic regions. First, semantic region weights are defined



according to interior design priority: core furniture, secondary
furniture, decorative elements, and background regions are set
as Weore = 5, Wsecondary = 3> Waecor = 2, and wpy =1,
respectively. Based on semantic segmentation results, the total
visual weights of left, right, top, and bottom regions of the
image Wiere » Wrighe » Wiop » Whottom are calculated, and
horizontal and vertical balance errors are defined:

_ | I/Vleft' Wright|

€horiz— (3)
I/Vleft—i_ Wright
P VVtop' Wbottum ( 4)
vert
VVtop + Wbottum

The visual balance loss is the weighted sum of the two, i.e.,
Lpatance = Qnoriz * €noriz T Avert * €vert » Where Qporiz =
yere = 1. Through gradient optimization, the visual weight
distribution of the image tends to balance, overcoming the
limitation of traditional methods that rely only on low-level
features and cannot accurately match interior aesthetic
requirements.

The white space ratio directly determines the spatial
openness and visual comfort of interior images. Existing
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methods do not clearly define effective white space in interiors,
making precise control of density difficult. This paper
innovatively defines effective interior white space as the part
of the background region not occluded by core and secondary
furniture, excluding the influence of decorative element
occlusion, ensuring that white space quantification conforms
to interior design aesthetic standards. Let the total number of
image pixels be Py ,¢,;and the number of pixels in the effective
white space region be Pepypey, then the white space ratio
Rempty = Pempty/Protar- Based on the optimal white space
range in interior design, the target white space ratio
Riarget (range 0.4-0.6) is set, and the white space loss is
constructed using mean squared error: Lempry = (Rempey —
Rtarget)z. This loss can control the white space ratio within
the optimal range through gradient optimization, avoiding
compositions that are too crowded or too sparse, realizing
computable and optimizable interior white space aesthetics,
and solving the problem that traditional methods have coarse
white space control disconnected from professional design
requirements.

2.3 Construction of differentiable composition prior
module
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of core furniture, and calculate furniture
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Figure 2. Fine-grained semantic parsing of interior scenes and differentiable quantification of composition prior
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To achieve collaborative constraint and gradient
optimizability of interior composition prior rules, this paper
innovatively constructs a unified differentiable composition
prior module, integrating perspective consistency loss, visual
balance loss, and white space loss through weighted fusion to
form the total module loss, solving the core problem that
existing methods lack scene-specific and differentiable unified
prior constraints. Figure 2 shows the complete schematic of
fine-grained semantic parsing of interior scenes and
differentiable quantification of composition prior. The total
module loss Ly is calculated as Lyrior = Aperspective *

Lperspective + lbalance * Lyaiance + Aempty : Lempty , where
Aperspective s lbalance > and Aempty are the Weighting
coefficients of the three losses, used to balance the constraint
strength of each composition rule. Their optimal values are
iteratively determined through ablation experiments, set as 0.4,
0.3, and 0.3 respectively, ensuring that perspective logic as the
core of interior spatial composition has priority while
coordinating visual balance and white space aesthetics. This
module takes the original interior design image and fine-
grained semantic segmentation map as joint inputs, outputs a
quantified composition prior loss value, and can be directly
embedded into the loss function of subsequent generative
networks for end-to-end gradient backpropagation, allowing
the generative network to be jointly constrained by perspective
consistency, visual balance, and white space ratio during
composition optimization. This ensures that the optimization
results comply with both interior spatial layout logic and
professional design aesthetic requirements, completely
solving the limitations of existing methods where prior
constraints are scattered, cannot efficiently interact with
generative networks, and are difficult to adapt to professional
interior design requirements.

Input and preprocessing
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3. COMPOSITION OPTIMIZATION GENERATIVE
NETWORK BASED ON GENERATIVE
ADVERSARIAL NETWORK

3.1 Overall network architecture design

To address the core deficiencies of traditional composition
optimization methods relying on cropping that cause image
content loss and cannot achieve element reconstruction, this
paper innovatively designs an end-to-end sparse displacement
field-guided composition optimization generative network,
realizing high-quality composition optimization of interior
design images through the collaboration of two core sub-
modules. The network takes the original interior image and
fine-grained semantic segmentation map as joint inputs and
outputs the composition-optimized interior image. The overall
architecture includes two core modules: a sparse displacement
field prediction network and a content-aware generative repair
network, forming a complete optimization process including
semantic parsing, sparse displacement field prediction, object
relocation, background reconstruction, and detail generation.
To ensure that the optimized results have both compositional
rationality and content authenticity, during network training,
the composition prior loss, adversarial loss, and perceptual
loss are jointly optimized throughout, allowing the generative
network to follow professional interior composition rules
while maintaining image fidelity and visual coherence,
completely solving the pain points of content loss and
insufficient reconstruction ability in traditional methods,
achieving intelligent and lossless optimization of interior
composition. Figure 3 shows the architecture of the end-to-end
sparse displacement field-guided composition optimization
generative network.

Submodule 3: Overall joint optimization
objective and gradient flow (Block4)

Sparse 2D displacement field
(heatmap with arrow field visualization)

Composition prior loss
Perspective Visual
consistency balance

‘White space
ratio

>

Adversarial loss
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Submodule 2: Content-aware generative inpainting network (Block3)
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adversarial network object generation block

‘ )
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(A(x.y) (heatmap
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image (optimized image)

Background semantics T
Features

A

Figure 3. Architecture of end-to-end sparse displacement field-guided composition optimization generative network

3.2 Sparse displacement field prediction network

Traditional composition optimization methods use a global
dense displacement field to adjust image elements, which
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easily causes misplacement of fixed structures, local distortion,
and significant computational redundancy. To address this
issue, this module innovatively proposes a sparse
displacement field prediction mechanism for movable objects



in interiors, abandoning the limitations of global dense
displacement fields and assigning non-zero displacements
only to semantic movable targets, achieving precise,
controllable, and efficient composition optimization. The
network takes the original interior image and fine-grained
semantic segmentation map as dual inputs and adopts a
Transformer encoder-decoder architecture. By capturing long-
range layout dependencies in interior spaces through global
self-attention, it effectively overcomes the one-sided
displacement decision problem caused by the local receptive
field of convolutional neural networks. Finally, it outputs a
sparse 2D displacement field with the same resolution as the
original image, accurately indicating the target translation
positions of each movable object, providing reliable
displacement guidance for subsequent content reconstruction.

To ensure the rationality and accuracy of the sparse
displacement field, this module designs three constraints for
fine-grained control, forming a complete displacement
decision constraint system. First, hard sparsification of the
displacement field is implemented through semantic masks,
outputting non-zero 2D displacement vectors only in movable
semantic regions such as vases, ornaments, small chairs, and
decorative paintings, while enforcing zero displacement in
walls, floors, ceilings, and large fixed furniture, fundamentally
preventing erroneous movement of fixed structures. Second, a
displacement rationality constraint is introduced, restricting
the amplitude of displacement vectors based on prior
knowledge of interior space scale. Let the displacement vector

of a single movable object be Ji, whose magnitude must

satisfy || c?i I€ Dyax, Where D, 4, 1s determined by the spatial
dimensions of the interior scene, preventing objects from
exceeding reasonable spatial ranges and causing layout
disorder. Finally, a second-order smoothness regularization is
constructed to impose smoothness constraints on displacement
vectors of adjacent pixels, calculated as:

H-1 W-1

Z ((2i,j'2i+1,j)2+(2i,j'3i,j+l )2)

=1 j=1

)

Lsmooth

~

where, H and W are the image height and width, respectively.
This constraint prevents edge tearing and local deformation of
objects, ensuring smooth and coherent contours after
displacement.

This module further designs a prior coupling constraint to
achieve deep interaction with the composition prior loss in
Chapter 2, making displacement decisions directly adapt to
professional interior composition rules. The prediction process
of the sparse displacement field is fully supervised by the
composition prior 10ss Ly, guiding displacement targets to
optimal positions aligned with perspective, visual balance, and
reasonable white space, ensuring that every displacement
complies with the perspective logic and aesthetic requirements
of interior space.

This coupling mechanism overcomes the limitations of
traditional displacement prediction that relies only on low-
level image features and lacks professional composition rule
constraints, making the sparse displacement field both precise
in displacement guidance and highly compatible with interior
composition prior, laying a solid foundation for high-quality
output of the subsequent content-aware generative repair
network.
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3.3 Content-aware generative repair network

To address three core problems after object relocation,
including background holes, mismatch of lighting and
shadows in new positions, and chaotic occlusion relationships,
this module innovatively proposes a two-stage progressive
generative repair architecture, breaking through the limitations
of traditional repair algorithms that perform simple pixel
filling, achieving high-quality fusion repair of background and
objects, and ensuring visual coherence and authenticity of
optimized images. This architecture is based on the
displacement results output by the sparse displacement field
prediction network, completing background repair and object
detail generation in stages, and achieving deep adaptation of
content repair and composition optimization through
collaborative control, completely solving the problems of
texture disorder and obvious synthesis traces in traditional
generative repair.

The first stage is background boundary repair, focusing on
the blank regions generated at the original positions after
object relocation, using a Partial Convolution hole-filling
network for precise repair. The core innovation is the scene-
adaptive regulation during the repair process. The repair
network generates pixels only for the blank regions, fully
utilizing the surrounding background texture features,
perspective structure, and light-shadow gradient information.
Through feature extraction and texture mapping, the repaired
walls, floors, ceilings, and other background regions maintain
spatial continuity and perspective consistency, naturally
connecting with the original background. To enhance repair
accuracy, a background consistency loss is introduced:
ngfconsist = SSIM (Ibgjepairr Ibg?ori)a where Ibgjepairis the
repaired background region, and I, o is the original
background region. Structural similarity constraints ensure
that the repaired textures are consistent with the original
background, avoiding common problems in traditional repair
algorithms such as texture breaks and perspective deviation.

The second stage is object lighting-shadow consistency
generation and occlusion relation adaptive inference, further
improving repair quality and composition rationality. In object
lighting-shadow consistency generation, a high-resolution
conditional generative adversarial network is innovatively
used. Based on the relocated object contours, original image
content, and background semantics as joint conditions, object
details are generated at new target positions to completely
match the surrounding environment in terms of illumination,
tone, texture, and perspective. Through feature alignment and
light-shadow calibration, synthesis traces after object
relocation are completely eliminated. To achieve reasonable
distribution of occlusion relationships, a spatial attention
occlusion modeling mechanism is introduced. According to
object semantic category, spatial depth relationship, and
overlapping regions after displacement, the network
automatically learns and assigns front-back occlusion weights,
defining spatial attention occlusion weights:
softmax(A(x,y)), where A(x, y) is the spatial attention map
representing the occlusion priority of each object region. The
priority is determined by object semantic importance and
spatial depth, ensuring clear hierarchy relationships after
multi-object relocation and avoiding occlusion confusion.
Finally, this achieves collaborative unification of composition
optimization and content repair, outputting interior design
images with both rationality and authenticity.

Woce =



3.4 Overall joint optimization objective

To achieve end-to-end efficient training and optimal
performance of the composition optimization generative
network, this paper innovatively designs a multi-task weighted
fusion overall joint optimization objective. The core
breakthrough is directly embedding the interior composition
prior loss into the generative network loss function, breaking
the limitation in traditional methods where composition
aesthetic rules and generative image quality are disconnected,
achieving collaborative regulation and joint optimization of
both. The total joint optimization loss is calculated as: L;y¢q; =
AaavLlaav + ApercLipips + ApriorLprior» Where each loss term
has a clear role and collaborates to ensure the composition
rationality and visual authenticity of the optimized result. The
adversarial loss constrains the authenticity of generated
images, making the optimized images highly consistent with
real interior design images in visual features and avoiding
generation traces; the perceptual loss preserves the semantic
information and detail fidelity of the image, preventing detail
distortion and texture breaks during object relocation and
background repair; the interior composition prior loss serves
as the core constraint, directly converting professional interior
composition rules into gradient signals, forcing the generative
network to output compositions that satisfy perspective
consistency, visual balance, and white space aesthetics,
ensuring that optimization results conform to professional
interior design requirements.

The weighting coefficients of each loss are iteratively
optimized through ablation experiments to balance the
optimization priority of each task, ensuring both the visual
quality of generated images and the constraint effect of
professional interior composition rules, forming an integrated
whole. This joint optimization objective allows the generative
network to be supervised simultaneously by generation quality
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and composition aesthetics during training, and during
gradient backpropagation, displacement prediction accuracy,
content repair quality, and composition rationality can be
optimized synchronously. This completely solves the core
problem in traditional methods where generation quality and
composition rules are disconnected, and optimization results
do not meet professional design requirements, ensuring that
the final output interior design images possess both high-
quality visual coherence and authenticity while strictly
following professional interior composition rules, achieving
dual optimization of aesthetic value and generative quality.

4. COGNITIVE SCIENCE-BASED VISUAL
PERCEPTION SIMULATION EVALUATION SYSTEM

The core innovation of this chapter is to construct a
reference-free, cognition-driven, multi-dimensional coupled
visual perception simulation evaluation system, breaking
through the limitations of traditional manual subjective
evaluation and single-objective metrics, achieving automated
evaluation highly aligned with human visual perception.
Figure 4 shows the visual perception simulation evaluation
and eye-tracking comparison visualization. First, a
comparative evaluation based on visual saliency heatmaps is
conducted. A pre-trained visual saliency model is used to
extract the saliency distribution of the original and optimized
images. Three types of core quantitative indicators are
innovatively designed to achieve precise characterization of
attention guidance effects. The main saliency concentration is
used to measure the proportion of saliency within the design
subject region, calculated as:
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Figure 4. Visual perception simulation evaluation and eye-tracking comparative visualization analysis

where, S is the design subject region such as sofas, beds, and
core furniture, and M,y (x) is the saliency value of the
optimized image at pixel x. This metric directly reflects the
composition’s ability to focus on core visual elements.
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Saliency distribution similarity quantifies distribution
differences by calculating the structural similarity between
pre- and post-optimization saliency heatmaps: S, =
SSIM (Mori, Mope) , Where My, and M, are the saliency



heatmaps of the original and optimized images, respectively.
Interference suppression rate characterizes the decrease of
saliency in background redundant regions, defined as:

ZXEBMopt ()C)

Ryl 5
" ZXEBMuri (x)

(7

where, B is the background redundant region. A higher value
indicates more significant suppression of visual interference
by the composition.

To further simulate the dynamic process of human visual
cognition, this chapter innovatively introduces a virtual eye-
movement agent based on reinforcement learning, applied for
the first time to the evaluation of interior composition
optimization, achieving digital replication of real human free-
viewing behavior. This agent adopts a sequential decision
reinforcement learning architecture, using local image features
as observation input, and outputs the coordinates of the next
fixation point through a policy network. The agent is pre-
trained on a large-scale interior image dataset to ensure
behavior closely approximates real users’ eye movement
patterns. Based on the agent simulation results, three types of
cognitive efficiency indicators are designed: Target fixation
time Ty, is the number of steps required for the agent to first
fixate on the design subject; fewer steps indicate higher
attention guidance efficiency. Scan path length L., 1s the
total scanning path length before reaching the subject; shorter
length reflects better path efficiency of visual cognition.
Fixation efficiency E;yis the proportion of total fixation time
spent on the subject region, calculated as:

T,
fixs
Ep=g—

T fix,total (8)
where, Tf;y s is the fixation duration on the subject region, and
Tfix totaris the total fixation duration. This indicator directly
reflects the rationality of visual attention allocation in the
composition.

To address the insufficient adaptability of general aesthetic
scoring models to interior design rules, this chapter
innovatively constructs a reference-free aesthetic scoring
network dedicated to interior scenes. Based on the Neural
Image Assessment (NIMA) architecture, it is fine-tuned using
a self-built interior composition quality-labeled dataset to
achieve precise quantification of interior image aesthetics. The
network takes an interior design image as a single input and
outputs a continuous aesthetic score in the range of 0 to 5, with
higher scores indicating better aesthetic quality of the
composition. This score can directly quantify the aesthetic
improvement brought by composition optimization.
Compared with general aesthetic models, the fine-tuned
network fully incorporates professional design rules such as
interior spatial perspective, visual balance, and white space
ratio, effectively eliminating adaptation bias of general models
to interior scenes and providing a reliable objective basis for
aesthetic quality evaluation.

To achieve unified quantification of multi-dimensional
perception indicators, this chapter designs a comprehensive
perception evaluation score fusion mechanism. Visual
saliency heatmap comparison metrics, virtual eye-movement
agent metrics, and interior-specific aesthetic scores are
normalized and weighted to obtain the final visual perception
composite score. First, the three types of indicators are min-
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max normalized to eliminate dimensional differences,
calculated as:

X-Xpmin

®

Xnorm™
XmaxXmin

where, x is the original indicator value, and x,,;,and X, are
the minimum and maximum values of the indicator.
Subsequently, weighted fusion is used to obtain the composite
score: Scomp = w1 Csal,norm + w;y - Efix,norm + w3 - Sscore P
where w,, w,, w5 are the weight coefficients of the three types
of indicators, optimized through ablation experiments;
Csainorm and Efjx norm are the normalized main saliency
concentration and fixation efficiency; Score is the interior-
specific aesthetic score. This composite score achieves a
comprehensive and objective quantitative evaluation of
optimization results from three dimensions: attention guidance,
cognitive efficiency, and aesthetic quality, providing a unified
and comparable core metric for performance verification of
composition optimization algorithms.

5. EXPERIMENTS AND RESULTS ANALYSIS
5.1 Dataset construction

The experimental dataset is composed of public datasets and
a self-built 3D interior rendering dataset, ensuring data
diversity and annotation accuracy, providing reliable support
for experimental validation. Public datasets include LSUN
Bedrooms and SceneNet RGB-D, containing images of
various interior styles, layouts, and lighting conditions, used
for model basic training and generalization verification. The
core innovation is the self-built 3D interior rendering dataset,
which is generated through 3D modeling tools, containing
controllable spatial layout, perspective angles, furniture
positions, and lighting intensity. Each sample provides precise
composition quality labels, semantic segmentation annotations,
and perspective parameter annotations, effectively addressing
issues of missing annotations and insufficient controllable
variables in real datasets, providing a standardized verification
basis for ablation experiments and quantitative evaluation. The
overall dataset scale is 12,000 images, with 8,000 for training,
2,000 for validation, and 2,000 for testing, covering three
mainstream interior scenes: living room, bedroom, and study,
ensuring representativeness and generality of experimental
results.

5.2 Experimental setup

The experiments are implemented based on the PyTorch
framework. The hardware environment includes NVIDIA
RTX 4090 GPU and 128GB memory, and the software
environment is Python 3.8 and CUDA 11.8. Training adopts a
strategy combining module-wise pretraining and end-to-end
joint fine-tuning: first, the semantic segmentation module and
perspective detection module are pretrained to ensure
precision in semantic parsing and perspective recognition;
then, the sparse displacement field prediction network and
content-aware generative inpainting network are pretrained;
finally, all modules are jointly fine-tuned to optimize overall
performance. Comparison methods include traditional
composition optimization methods and mainstream deep
learning methods, including saliency-based automatic



cropping, SeamCarving image retargeting, and Grid Anchor
based Image Cropping (GAIC) deep learning composition
optimization methods. All comparison methods use the
official optimal parameter settings. Evaluation metrics include
subjective and objective metrics. Subjective metrics are
aesthetic scores (1~5) given by 10 professional interior
designers. Objective metrics are the multi-dimensional
perception indicators proposed in this paper: main saliency
concentration, saliency distribution similarity, interference
suppression rate, target fixation time, scan path length, fixation
efficiency, aesthetic score, and comprehensive perception
score, with the addition of traditional image quality metrics
Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity

Index (SSIM) to ensure evaluation comprehensiveness.
5.3 Ablation experiments

The ablation experiments aim to verify the necessity of each
innovative module proposed in this paper. By removing core
innovative modules one by one, model performance changes
are compared. Experimental results are shown in Table 1. Four
ablation comparison groups are set: base model (removing all
innovative modules), ablation of composition prior loss,
ablation of sparse displacement field, ablation of two-stage
inpainting. All comparison groups maintain other parameters
unchanged to ensure fairness.

Table 1. Ablation experiment results comparison

Peak

. Target Scan . .
Model  Main Saliency  oauency Interference po o no path  Fixation Aesthetic COMPrehensive Signal- Structural
. . * Distribution Suppression . . Perception  to-Noise Similarity
Configuration Concentration _. . . Time Length Efficiency Score .
Similarity Rate . Score Ratio Index
(steps) (pixels) (dB)
Base Model 0.521 0.683 0.412 8.7 1286 0.453 2.87 0.512 28.35 0.821
Ablation
Composition 0.589 0.715 0.487 7.9 1154 0.512 3.21 0.587 29.12 0.843
Prior Loss
Ablation Sparse
Displacement 0.613 0.732 0.513 7.5 1089 0.538 3.35 0.615 29.57 0.856
Field
Ablation Two-
Stage 0.658 0.769 0.578 6.8 976 0.596 3.62 0.678 30.24 0.879
Inpainting
Proposed 0.786 0.857 0.724 43 652 0.765 428 0.823 3268 0917
Method

The ablation experiment results indicate that each
innovative module significantly improves model performance.
After removing the composition prior loss, main saliency
concentration and aesthetic score decrease by 0.197 and 0.97,
respectively, indicating that this module effectively constrains
composition professionalism, ensuring optimization results
comply with interior design aesthetic guidelines. After
removing the sparse displacement field, target fixation time
increases by 2.2 steps and scan path length increases by 326
pixels, demonstrating that the sparse displacement field
enables precise relocation of movable objects, improving
visual guidance efficiency. After removing the two-stage
inpainting, PSNR and SSIM decrease by 2.44 dB and 0.038,
respectively, showing that this module effectively improves
image inpainting quality and reduces synthetic artifacts. The
proposed method, integrating all innovative modules, achieves

optimal values for all metrics, fully validating the necessity
and collaborative effect of each innovative module.

5.4 Quantitative result analysis

The quantitative experiments compare the performance of
the proposed method with various comparison methods to
verify the superiority of the proposed method. Experimental
results are shown in Table 2. All methods are validated on the
test set. For the metric values, higher values of main saliency
concentration, saliency distribution similarity, interference
suppression rate, fixation efficiency, aesthetic score,
comprehensive perception score, PSNR, and SSIM indicate
better performance, while lower values of target fixation time
and scan path length indicate better performance.

Table 2. Quantitative results comparison of different methods

Peak
. Target  Scan . .
Main Saliency S al}enc.y Interferel.lce Fixation Path Fixation Aesthetic Comprehe.nswe Slgna.l- St.ru.c t“.”"
Method . Distribution Suppression . . Perception  to-Noise Similarity
Concentration . . . Time Length Efficiency Score .
Similarity Rate . Score Ratio Index
(steps) (pixels)
(dB)
Saliency-based
Automatic 0.532 0.678 0.405 9.2 1352 0.447 2.79 0.503 27.89 0.812
Cropping
SeamCarving 0.556 0.692 0.438 8.5 1278 0.472 2.93 0.531 28.15 0.825
Grid Anchor
based Image 0.643 0.758 0.562 6.9 987 0.583 3.57 0.665 30.11 0.872
Cropping
Proposed 0.786 0.857 0.724 43 652 0.765 4.28 0.823 3268 0917
Method
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The quantitative result analysis shows that the proposed
method significantly outperforms all comparison methods in
all evaluation metrics. Compared with the best comparison
method GAIC, the proposed method improves main saliency
concentration by 0.143, interference suppression rate by 0.162,
reduces target fixation time by 2.6 steps, shortens scan path
length by 335 pixels, improves aesthetic score by 0.71, and
improves comprehensive perception score by 0.158. PSNR
and SSIM are improved by 2.57 dB and 0.045, respectively.
The improvement in main saliency concentration and fixation
efficiency indicates that the proposed method effectively
guides visual attention to focus on design subjects; the
reduction in target fixation time and scan path length validates

Visual imbalance

\ =
Disordered visual |
DA |

attention

Disordered visual
attention

Perspective distortion

the advantage of the proposed method in enhancing visual
cognitive efficiency; the leading aesthetic score and
comprehensive perception score demonstrate that the
proposed method significantly improves the compositional
aesthetic quality of interior design images. The above results
fully verify the superiority of the proposed method in
composition optimization and perception evaluation. Its
performance improvement mainly comes from the
collaborative effect of the composition prior module, sparse
displacement field prediction, and two-stage generative
inpainting.

5.5 Qualitative result analysis

Seamless content repair and
lighting-shadow alignment

(a) Original Input Image

(b) Optimized Imge by Pfoposéd Meth<1)d

Figure 5. Comparison of spatial layout and aesthetic features before and after automatic composition optimization of interior
design images

High Saliency

Low Saliency

Figure 6. Multi-dimensional simulation evaluation of visual saliency and virtual eye movement cognitive trajectories for interior
composition



To qualitatively verify the practical effectiveness of the
proposed image composition automatic optimization
algorithm in correcting spatial layout defects in interior scenes
and reconstructing visual aesthetic features, relevant
experiments were conducted. The comparative analysis in
Figure 5 shows that the original input images have significant
spatial perspective distortion and visual center imbalance, with
severe foreground visual interference, which violates
professional aesthetic principles of architectural interior
design. After processing by the proposed algorithm, core
furniture is intelligently relocated to the visual center area
conforming to aesthetic proportions, achieving high-fidelity
content repair and light-shadow consistency alignment.
Meanwhile, the global perspective relationships are precisely
corrected, effectively eliminating the original clutter and
structural distortion. This result directly demonstrates that the
proposed generative optimization network can effectively
transform abstract interior composition prior knowledge into
visual spatial reconstruction capability, providing reliable
technical support for automated output of standardized and
high-aesthetic-quality design visualization schemes.

To quantitatively verify from the objective physical
dimension of cognitive science the effect of spatial
composition adjustment on guiding human visual attention
and reducing cognitive load, further experiments were
conducted. Visual saliency heatmap data in Figure 6 show that
high-saliency regions in the pre-optimization image are
severely dispersed, causing extreme attention diffusion, while
the post-optimization heatmap demonstrates that visual focus

is accurately and highly concentrated on core design subject
areas, effectively suppressing background environmental
interference. Additionally, virtual eye movement agent scan
path analysis further reveals that before optimization,
unordered composition causes the agent to exhibit high gaze
entropy and complex detour paths while searching for the
target, resulting in very low cognitive information decoding
efficiency. In contrast, eye movement trajectories for post-
optimization images show an extremely streamlined and direct
visual navigation pattern, where the agent can quickly fixate
on core design elements with minimal search steps.
Combining the above multi-dimensional data conclusively
demonstrates that the proposed optimization algorithm can
significantly improve the visual ergonomics performance of
interior design images and successfully realize a scientific
closed-loop between composition optimization and objective
perception evaluation.

5.6 Generalization and robustness experiments

To verify the generalization and robustness of the proposed
method, experiments were conducted under different lighting
conditions, viewing angles, and interior styles. Four extreme
conditions were selected: low light, strong light, side view, and
top view, as well as three mainstream interior styles: living
room, bedroom, and study room. The performance of the
proposed method was compared with the GAIC method.
Experimental results are shown in Table 3.

Table 3. Generalization and robustness experimental results

Experimental Method Main Saliency Fixation Aesthetic Comprehensive Structural
Condition Concentration Efficiency Score Perception Score Similarity Index
Grid Anchor based Image

Low Light Cropping (GAIC) 0.598 0.532 3.21 0.612 0.835

Proposed Method 0.721 0.703 3.95 0.768 0.889

Strong Light GAIC 0.605 0.541 3.27 0.625 0.841

Proposed Method 0.732 0.715 4.02 0.779 0.896

Side View GAIC 0.587 0.523 3.15 0.601 0.828

Proposed Method 0.715 0.698 3.89 0.756 0.882

Top View GAIC 0.579 0.517 3.11 0.593 0.821

Proposed Method 0.708 0.689 3.85 0.748 0.877

Bedroom Style GAIC 0.638 0.576 3.52 0.658 0.867

Proposed Method 0.779 0.758 4.23 0.817 0.912

Study Room Style GAIC 0.641 0.579 3.55 0.662 0.869

Proposed Method 0.782 0.761 4.25 0.820 0.914

The experimental results show that under different extreme
conditions and interior styles, all metrics of the proposed
method remain stable and significantly outperform the GAIC
method. Under low light and strong light conditions, the
comprehensive perception scores of the proposed method are
0.768 and 0.779, only decreasing by 0.055 and 0.044
compared with normal conditions; under side and top view
angles, the comprehensive perception scores are 0.756 and
0.748, with decreases controlled within 0.075; for different
interior styles, the comprehensive perception scores of the
proposed method remain above 0.817, demonstrating good
stability. In contrast, the performance of the GAIC method
decreases significantly under extreme conditions, with the
comprehensive perception score dropping to 0.612 under low
light and 0.601 under side view, indicating insufficient
generalization and robustness. The stability of the proposed
method benefits from the precise constraint of interior spatial
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logic by the composition prior module and the content-
adaptive repair capability of the generative network, which can
adapt to changes in different scene conditions, verifying the
reliability of the proposed method in practical engineering
applications.

6. CONCLUSION AND OUTLOOK

This paper addressed the core issues of interior design
image composition optimization relying on human experience,
subjective evaluation standards, and lack of professional prior
constraints, and conducts research on automatic interior
composition optimization and visual perception simulation
evaluation. Through three core innovations, a complete
technical system was constructed and experimentally
validated. The paper innovatively proposed a computable



modeling method for interior composition prior knowledge,
converting abstract design principles such as perspective
consistency, visual balance, and whitespace ratio into
differentiable loss functions, forming a unified composition
prior module to realize quantitative embedding and gradient
constraint of professional principles. An end-to-end sparse
displacement field guided generative optimization network
was designed, which can precisely control movable object
relocation via sparse displacement fields, combined with a
two-stage generative inpainting architecture to solve issues
such as background voids and lighting mismatch, achieving
content-preserving intelligent composition adjustment. A
cognitive science-driven multi-dimensional no-reference
visual perception simulation evaluation system was built,
integrating visual saliency analysis, virtual eye movement
simulation, and interior-specific aesthetic scoring to achieve
automated evaluation highly aligned with human visual
perception. Experimental results show that the proposed
method significantly outperformed traditional methods and
mainstream deep learning methods on all evaluation metrics,
effectively improving the composition rationality and visual
aesthetics of interior design images, providing reliable
technical support for automated optimization of interior design
visualization schemes, and has important theoretical research
value and engineering application prospects.

Based on the research results of this paper, future research
can be further expanded and deepened in three directions. First,
extend static image composition optimization to dynamic
video interior composition optimization, optimizing
displacement prediction and content repair mechanisms to
meet inter-frame coherence requirements in interior videos,
achieving real-time composition optimization in dynamic
scenes. Second, implement adaptive composition optimization
based on user personalized preferences, mining different users’
aesthetic preferences and design requirements to construct
personalized composition prior models, making the
optimization results more aligned with user needs. Third,
promote deep integration with 3D interior design software,
extending 2D image composition optimization to 3D spatial
layout adjustment, achieving collaborative linkage between
2D image optimization and 3D model adjustment, further
improving the intelligence level and design efficiency of
interior design, and promoting the digitalization and
intelligence development of the interior design industry.
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