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Abstract

This research proposes a conditional diffusion-based workflow for early-stage floor plan
design in university research buildings, addressing complex functional organization, strict
boundary constraints, and quantitative area control. The method performs denoising
directly in two-dimensional grid space and coordinates building outlines and functional
area proportions through dual-condition injection using boundary masks and functional
area matrices. A two-stage generation mechanism first constructs horizontal circulation
and then generates the complete layout, while a statistic-network-guided explicit constraint
improves global area consistency. Based on 600 standard-floor samples and an independent
test set of 10 real projects, the method is evaluated through model comparison, ablation,
and double-blind experiments. The results show that the proposed model achieves the
best overall performance, with an FID of 50.3, a building boundary IoU of 99.9%, and
horizontal circulation connectivity of 89.8%. The ablation results confirm that the two-stage
mechanism and explicit statistical constraint substantially improve generation success and
reduce area error. The expert evaluation indicates that AI-generated floor plans approach
real cases in functional spatial form and design inspiration, although spatial organization
rationality still requires improvement. The generated layouts can be converted into layered
DXF files, supporting subsequent editing and human–AI collaborative design.

Keywords: conditional diffusion model; university research buildings; early-stage floor
plan design; architectural floor plan generation; human–AI collaborative design

1. Introduction
Architectural creation is a complex decision-making activity that integrates multidi-

mensional factors. In essence, it is a process in which architects seek a dynamic balance
between perceptual artistic expression and rational technical logic [1]. Unlike standardized
engineering problems, architectural design is characterized by significant nonlinearity and
multiple possible solutions. A design scheme is not derived from a single formula but is
gradually formed through continuous generation, evaluation, and feedback. However, in
current industry practice, traditional architectural creation is facing multiple challenges.
On the one hand, architects are naturally limited by cognitive capacity and available effort,
making it difficult to generate a large number of diverse and high-quality design schemes
within a short period. As building functions become increasingly integrated and project
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requirements become more complex, the amount of information that designers need to pro-
cess continues to increase. When facing complex spatial arrangement problems, designers
often rely on experience to develop only a small number of schemes, which may lead to the
omission of potential optimal solutions [2]. On the other hand, the architectural creation
process itself involves a high degree of uncertainty. Ambiguous design logic in the early
stage, changes in design briefs, and shifting client requirements can all lead to repeated
revisions [3]. Traditional linear design workflows lack a generation mechanism capable of
rapidly responding to changes and dynamically adjusting design logic. As a result, scheme
optimization often depends on individual intuition and repeated trial and error, making it
difficult to meet the practical demands of high-efficiency and highly variable design tasks.

A review of the development of architectural creation tools shows that each technolog-
ical iteration has promoted updates in design efficiency and methodological paradigms [4].
In the era of manual drafting, architects relied on rulers and compasses for drawing pro-
duction and design refinement, resulting in long design cycles and high revision costs [5].
At the end of the twentieth century, the popularization of computer-aided design (CAD)
enabled the transition from paper-based drawing to digital drafting, greatly improving
drawing accuracy and revision efficiency [6]. In the twenty-first century, parametric design
represented by building information modeling (BIM) and visual programming languages
such as Grasshopper gradually emerged. These technologies enabled architects to control
complex geometric forms through logical rules, constraints, and algorithms, marking the
formal entry of architectural design into the digital stage [7]. However, parametric design
still essentially relies on manually predefined rigid rules, and the flexibility and adaptability
of its generated results are constrained by the algorithmic structure itself. In particular,
when facing building types with complex functional organization and frequently changing
requirements, the limitations of traditional parametric methods in design support have
become increasingly evident [8].

In recent years, the rapid development of artificial intelligence, especially generative
deep learning, has brought new possibilities to architectural design [9]. At present, AI has
demonstrated potential across multiple dimensions of architectural design. In terms of
visual representation, diffusion-model-based image generation tools can already produce
high-quality architectural renderings and conceptual sketches from text prompts [10]. In
sustainable design, AI can assist in predicting building energy consumption, daylighting,
and other performance indicators, while also supporting multi-objective optimization [11].
In the field of floor plan generation, researchers have also begun to explore the use of
artificial intelligence to assist in spatial figure-ground division [12]. However, existing floor
plan generation studies are mostly limited to residential buildings and other building types
with relatively simple spatial logic. For university research buildings, which have highly
complex internal functions, existing AI models often lack the ability to accurately constrain
physical boundaries and have difficulty transforming functional area proportions into floor
plan layouts. Second, most current generative models still focus primarily on learning floor
plan geometry and emphasize visual resemblance in the generated results, while insufficient
attention is paid to functional arrangement logic and spatial organization relationships [13].
Finally, the condition injection strategies of existing mainstream models are mostly limited
to text descriptions or sketch guidance. They lack an effective mechanism for transforming
quantitative functional area indicators from design briefs into floor plan layout control
conditions. Therefore, these models cannot adequately meet the dual requirements of area
proportion control and physical boundary constraints in the early-stage floor plan design
for research buildings.

To address these issues, this study proposes a conditional diffusion generation work-
flow for the early-stage floor plan design of university research buildings. To preserve the
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spatial precision of architectural floor plans as much as possible, this study abandons the
latent-space generation strategy in latent diffusion models, which compresses images into
a lower-dimensional latent space. Instead, diffusion denoising is performed directly in a
two-dimensional grid space. On this basis, this study constructs a dual-condition injection
mechanism. On the one hand, a building footprint mask that defines the buildable range is
used as the boundary condition to provide physical outline constraints. On the other hand,
a functional area matrix reflecting design brief requirements is encoded and injected into
the cross-attention layers of the U-Net as a hidden state, thereby enabling explicit control
over functional area proportions.

Based on this framework, the main contributions of this study are as follows:

1. This study constructs a non-latent-space conditional diffusion model architecture,
enabling precise constraints on the spatial topology and irregular boundaries of
architectural floor plans.

2. This study proposes a condition control strategy that maps macro-level functional area
indicators to micro-level pixel generation guidance, thereby establishing a connection
between quantitative indicators and floor plan generation.

3. For university research buildings with complex functions, this study proposes an
AI-assisted design method that combines controllability and design inspiration, pro-
viding a new technical pathway for early-stage floor plan design for university re-
search buildings.

2. Background
2.1. Early-Stage Floor Plan Design for University Research Buildings

University research buildings are composite spaces that accommodate teaching ex-
periments, academic seminars, and interdisciplinary collaboration. Their functional orga-
nization has moved beyond the boundaries of traditional single-discipline buildings and
is characterized by a high degree of functional complexity, close spatial connections, and
diversified spatial types [14]. As scientific research gradually shifts from closed experimen-
tal modes toward open collaboration, contemporary research buildings not only support
experimental operations but also serve as important places for promoting knowledge
exchange and interdisciplinary collaboration [15].

In terms of functional composition, university research buildings in China usually
integrate multiple functional units, including research laboratory space, laboratory support
space, research office space, research support space, open communication space, and public
service space [16]. These spaces must maintain convenient connections while avoiding
circulation conflicts and mutual interference. Therefore, the early-stage floor plan design of
university research buildings usually faces two core issues. On the one hand, the spatial
topological relationships are complex, and different functional zones are highly coupled;
recent research on higher education spaces also shows that spatial performance emerges
from the interaction between configuration, actual behavior, and user perception [17]. This
significantly increases the possible solution space and decision-making difficulty in the
early design stage. On the other hand, design briefs usually impose strict requirements on
the area proportions of different functional rooms. Architects must devote substantial effort
to calculating area indicators in the early design stage to ensure that the design results meet
use requirements and construction standards [18].

In response to these complex requirements, existing design methods show clear lim-
itations in practice. In traditional design workflows, architects usually rely on personal
experience and intuitive judgment to develop only a small number of design directions
within a limited time. In particular, when facing complex laboratory circulation and strict
functional area constraints in research buildings, designers often perform local optimization
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within existing cognitive frameworks and find it difficult to break through habitual design
patterns. Although this experience-driven design mode remains effective for small-scale
or single-function projects, its efficiency and exploratory breadth are clearly limited in
research buildings with highly composite functions.

Parametric design tools represented by Grasshopper and BIM have improved the
logical expression and constraint control capabilities of architectural design to a certain
extent [19]. Architects can use predefined rules, parameter relationships, and algorithmic
workflows to generate and adjust complex geometric forms, while dynamically controlling
some functional indicators. However, the core advantage of parametric design is mainly
concentrated on geometric constraint expression and form generation, and its support for
complex functional arrangement and spatial organization logic remains limited [20]. At
the same time, such methods depend heavily on manually predefined rigid rules. Once
functional requirements or design forms change, the original rule system often needs to be
reconstructed, resulting in insufficient model flexibility and adaptability [21]. For university
research buildings, which involve diverse functions, complex circulation relationships,
and frequently changing requirements, traditional parametric methods still have difficulty
efficiently supporting early-stage floor plan design.

Therefore, an auxiliary design tool that can simultaneously respond to complex func-
tional constraints, quantitative area indicators, and spatial organization relationships is
urgently needed to support efficient generation and multi-scheme exploration during the
early-stage floor plan design stage of university research buildings. Such a tool should not
only have strong constraint control capability but also be able to produce diverse feasible
floor plan schemes within a short time, thereby providing more effective technical support
for subsequent scheme selection and design development by architects.

2.2. Generative Artificial Intelligence-Assisted Architectural Floor Plan Design

In recent years, the development of generative artificial intelligence has provided new
technical pathways for architectural floor plan design [22]. Unlike traditional parametric
design, which mainly depends on explicit rules, generative models can automatically ex-
tract spatial organization features and layout patterns from a large number of samples and
generate new design schemes under given conditions. In the field of architectural floor
plan design, related studies have mainly explored generative adversarial networks (GANs),
graph neural networks, reinforcement learning, graph grammar, and data-driven optimiza-
tion, gradually promoting the transition from rule-driven design to data-driven generation.

Among existing studies, generative adversarial networks are one of the most widely
used technical frameworks. GANs realize the mapping from input conditions to target floor
plan layouts through adversarial learning between a generator and a discriminator [23].
According to different generation motivations and technical pathways, GAN applications
show diverse characteristics. Some studies focus on layout generation guided by specific
criteria. For example, Wang et al. proposed ActFloor-GAN, which uses human activity as
guidance and aims to generate floor plans with both geometric rationality and topological
rationality [24]. Hu et al. developed Graph2Plan, which uses deep neural networks
to model and transform user-input layout graphs into specific architectural floor plans,
thereby supporting human–AI collaborative design [25]. Dong et al. proposed EdgeGAN,
a framework focused on edge detection and vectorization of floor plans to improve the
precision of generated results [26]. In residential design, Upadhyay et al. constructed
the CIGMA platform, which can generate 2D layouts according to user constraints and
provide 3D views and furniture customization functions [27]. In image-to-image translation
tasks, Pix2Pix has become a benchmark model for many studies due to its low training
difficulty and favorable generation performance [28]. Nauata et al. proposed House-GAN,
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which introduces room relationship graphs as constraints into a generative adversarial
network and realizes graph-constrained layout generation for residential floor plans [29].
With further technical development, the text-controlled InstructPix2Pix framework has
expanded the interactivity of floor plans by combining GPT-3 and Stable Diffusion to enable
image editing based on natural language instructions [30]. In addition, Nauata et al. further
proposed House-GAN++, which improves the geometric completeness and editability of
floor plan layouts through a generative adversarial layout refinement network, making
generative models closer to the design assistance needs of professional architects [31].
Ye et al. proposed MasterplanGAN and used CycleGAN for the intelligent rendering of
urban master plans, indicating that generative adversarial networks can be applied not
only to floor plan layout generation but also to design drawing representation and visual
translation [32]. Overall, GANs provide an important technical foundation for architectural
floor plan generation, enabling researchers to rapidly generate visually complete floor plan
results under given conditions.

In addition to GANs, other neural-network-based generative methods have also
shown diverse development pathways in architectural floor plan design. Researchers have
introduced mechanisms such as graph neural networks, reinforcement learning, graph
grammar, data-driven optimization, multimodal generation, and large language models. In
layout generation, the FLNet framework proposed by Upadhyay et al. guides floor layout
design through user constraints and realizes effective control over generated results [33]. In
the direction of reinforcement learning, Kakooee et al. [34] modeled space layout design as
a Markov decision process and constructed the SpaceLayoutGym environment, enabling
agents to automatically explore spatial layout schemes under geometric constraints and
topological objectives. This demonstrates the application potential of reinforcement learn-
ing in architectural space generation. In formal methods, Wang et al. used graph grammar
based on semantic-driven embedding to generate floor plan designs that conform to geo-
metric attributes [35]. More recent graph-based work has also explored bubble-diagram
generation by combining graph neural networks and variational encoding, indicating the
importance of representing functional adjacency before producing detailed layouts [36].
Data-driven strategies have also received increasing attention. Recent reviews point out
that the evaluation of generated floor plans should not rely solely on visual similarity
but should also incorporate multiple dimensions, such as spatial organization, functional
relationships, usability, and environmental performance [37]. Zeng et al. further proposed
a unified residential floor plan generation framework with multimodal inputs, showing
that flexible design inputs can improve the practical adaptability of floor plan generation
systems [38]. Qiu et al. introduced an LLM-based framework for customized vectorized
floor plan design from natural language requirements, reflecting the growing tendency to
connect generative layout models with more accessible design interaction interfaces [39].
These studies have expanded the technical boundaries of intelligent architectural floor plan
generation from different perspectives and also indicate that floor plan design does not
have a single universally effective technical route; instead, it is more suitable to integrate
the structural advantages of different models according to specific design tasks.

However, although the above methods have made significant progress in architectural
floor plan design, their limitations should not be ignored. First, the training process of
GAN-based methods is usually unstable and prone to problems such as mode collapse.
When dealing with complex geometric and topological relationships, these methods often
produce graphical misalignment, unclear boundaries, or room adhesion [40]. Second,
existing studies are mostly concentrated on residential buildings and other building types
with relatively simple spatial logic and abundant public datasets. For university research
buildings, which involve highly composite functions, complex circulation organization,
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and limited data availability, the applicability of existing methods remains limited. Third,
although many models can generate floor plan results that visually resemble real cases,
their control strategies often rely mainly on text, sketches, boundaries, or adjacency relation-
ships, and their ability to represent and constrain quantitative functional area proportions
from design briefs remains insufficient. Therefore, although existing generative artificial
intelligence methods provide an important foundation for architectural floor plan design,
they still cannot simultaneously satisfy the requirements of functional logic, physical
boundaries, and quantitative area control in the early-stage floor plan design of university
research buildings.

2.3. Diffusion Model-Assisted Architectural Floor Plan Design

A diffusion model is a generative model inspired by nonequilibrium thermodynamics.
Its core idea is to simulate the data generation process through two Markov chains in
opposite directions. In the forward diffusion process, Gaussian noise is gradually added to
the original data until it degrades into random noise. Then, by learning the correspond-
ing reverse denoising process, the target data are gradually recovered from pure noise.
Compared with generative adversarial networks, diffusion models have clear advantages
in training stability and generation quality, and they have therefore rapidly become an
important technical route in the field of generative artificial intelligence. In practical ap-
plications, diffusion models have developed into many variants to meet different needs.
Among them, conditional diffusion models are the most widely used. They introduce
condition information, such as class labels, text descriptions, or semantic maps, to improve
the controllability of generated results. Latent diffusion models (LDMs) compress the diffu-
sion process into latent space to improve efficiency, significantly reducing computational
cost, and have been widely used in mainstream text-to-image generation models such as
Stable Diffusion. In addition, there are task-specific variants, such as diffusion models for
accelerated sampling [41] and multi-view diffusion models for 3D generation [42].

Diffusion models have become a research focus in architectural floor plan design in
recent years. Their advantages mainly lie in their ability to generate high-quality and
complex-structured images through progressive denoising and to achieve fine control over
floor plan layouts under conditional constraints. In graph-conditioned vector floor plan
generation, Shabani et al. proposed HouseDiffusion, which represents floor plans as one-
dimensional polygon loops and uses a Transformer-based diffusion model for discrete and
continuous denoising, achieving a technical breakthrough in directly generating vectorized
floor plans [43]. In 3D scene understanding, Huang et al. proposed SceneDiffuser, which
integrates scene-aware generation, physics-based optimization, and goal-oriented planning
through the diffusion denoising process, demonstrating the potential of diffusion models in
multidimensional design tasks [44]. For sparse-data reconstruction, Gueze et al. combined
graph neural networks with constrained diffusion models to reconstruct consistent floor
plans from sparse views and room connection graphs, effectively improving the robustness
of generated results [45]. In accessible multi-occupancy floor plan generation, Zhang and
Zhang integrated a transformer-based diffusion model with flexible room-level and global
constraints, showing that diffusion models can support more complex building layouts
and fine-grained control requirements [46].

With the emergence of large models such as Stable Diffusion, fine-tuning studies based
on pretrained models have increased. Zeng et al. fine-tuned LoRA in Stable Diffusion
and achieved efficient generation of complex and diverse floor plans [47,48]. Recent text-
and image-conditioned systems have further decomposed residential layout generation,
detailed floor plan generation, and 3D visualization into connected modules, improving
the flexibility of automated layout generation and editing [49]. Furthermore, Wang and

https://doi.org/10.3390/buildings16122348

https://doi.org/10.3390/buildings16122348


Buildings 2026, 16, 2348 7 of 35

Pajarola proposed DiffPlanner, a transformer-based conditional diffusion model that di-
rectly generates vector floor plans without rasterization, reducing information loss between
raster and vector representations [50]. This progressive reconstruction mechanism enables
diffusion models to show strong fidelity and diversity in image generation, making them an
important technical direction in intelligent architectural floor plan design after generative
adversarial networks.

However, although diffusion models have demonstrated clear advantages in gen-
eration quality and controllability, existing studies still show evident limitations when
dealing with complex building types such as university research buildings. First, many
current studies still focus mainly on learning floor plan geometry and emphasize the visual
resemblance of generated results, such as room boundaries, door and window positions, or
overall graphical structure. Their modeling of functional arrangement logic and circulation
organization relationships remains weak. Second, existing studies are mostly concentrated
on residential buildings and other building types with relatively simple spatial logic and
abundant public datasets [50]. By contrast, university research buildings are highly spe-
cialized building types. Publicly available cases are limited, and research units of different
disciplines and scales vary significantly, making it difficult to form large-scale standardized
datasets. This data scarcity substantially limits the applicability of deep learning models.
Finally, the condition injection strategies of existing diffusion models are still mostly limited
to text descriptions, sketch guidance, or local semantic control. They lack an effective
mechanism for directly transforming quantitative functional area indicators from design
briefs into floor plan layout control conditions. Therefore, they have difficulty satisfying
the dual requirements of area proportion control and physical boundary constraints in the
early-stage floor plan design of university research buildings.

In summary, diffusion models provide a more stable, higher-quality, and more
condition-controllable technical pathway for architectural floor plan design than tradi-
tional generative adversarial networks. However, existing studies still show limitations
in functional logic modeling, adaptability to complex building types, and quantitative
constraint representation. To address these issues, this study further constructs a condi-
tional diffusion generation framework for the early-stage floor plan design of university
research buildings, aiming to achieve coordinated control over building boundaries, spatial
organization, and functional area proportions.

3. Materials and Methods
3.1. Data Preprocessing

Data preprocessing converts real university research building floor plans into struc-
tured samples for conditional diffusion training. Since ground floors often contain special
entrance and public functions, this study focuses on standard floors to improve the consis-
tency of spatial organization patterns. As shown in Figure 1, the workflow includes data
annotation, data augmentation, format conversion, image scaling, and feature extraction.

In the data annotation stage, this study follows the functional color-block representa-
tion used in existing studies [51]. According to the functional composition of university
research buildings, floor plans are classified into eight categories: research laboratory
area, laboratory support area, research support area, open communication area, public
service area, research office area, horizontal transportation area, and vertical transportation
area [52]. Each category is represented by a predefined RGB value in AutoCAD 2020 (ver-
sion 23.1.47.0; Autodesk, Inc., San Rafael, CA, USA), while the building outline is drawn
with lightweight polylines as the boundary condition, as shown in Table 1.
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Figure 1. Experimental preprocessing workflow.

Table 1. Functional zoning of research laboratory buildings.

Functional Zone Functional Space RGB Color

Research laboratory area Specialized laboratories, general laboratories, research studios, etc. (255, 0, 0)

Laboratory support area

Preparation rooms, precision instrument rooms, cultivation rooms,
laboratory animal rooms, greenhouses, darkrooms, shower rooms,
disinfection rooms, laboratory equipment rooms, sample and
reagent storage rooms, storage rooms, etc.

(0, 0, 255)

Research support area Library and information rooms, academic lecture halls, meeting
rooms, research exhibition spaces, etc. (255, 0, 255)

Open communication
area

Open spaces that promote communication among researchers, such
as atriums, rest platforms, lounges, cafes, etc. (0, 255, 0)

Public service area
Supporting rooms and equipment for water, electricity, gas, oil,
refrigeration, air conditioning, communication, fire protection,
heating systems, and restrooms, etc.

(0,255,255)

Research office area Research offices, administrative offices, reception rooms,
administrative storage rooms, etc. (255, 255, 0)

Horizontal
transportation area Corridors, etc. (130, 130, 130)

Vertical transportation
area Stairwells, elevator lobbies, etc. (255, 165, 0)

To preserve north–south orientation semantics related to daylighting, ventilation, and
functional layout, only vertical mirroring, namely reflection along the horizontal axis, is
used for data augmentation. The annotated drawings are then converted into DXF format,
parsed as vector geometry, and rasterized into semantic images with a fixed resolution of
256. Instead of direct image stretching, a proportional coordinate transformation is used to
map vector vertices to pixel coordinates:

Px =
x − xmin

Wreal
· (Size − 1)

Py =
ymax − y

Hreal
· (Size − 1)

where Px and Py denote the pixel coordinates after rasterization; x and y denote the
original vector coordinates; xmin and ymax denote the minimum horizontal coordinate
and maximum vertical coordinate of the building bounding box, respectively; Wreal and
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Hreal denote the real width and height of the building bounding box, respectively; and
Size = 256 denotes the target raster image size.

Because rasterization normalizes floor plans with different physical scales into the
same image size, this study further extracts the aspect ratio and Log-scale Parameter
of each building outline as auxiliary geometric conditions. The aspect ratio records the
east–west/north–south proportion, and the Log-scale Parameter is calculated from the
maximum side length to represent absolute scale in a numerically stable form. Functional
area ratios are then calculated by pixel statistics:

Ai =
∑ Pi

∑ Pforeground

∑ Pi denotes the number of pixels belonging to the corresponding category, and
∑ Pforeground denotes the total number of pixels of all functional areas. After preprocessing,
each sample consists of a semantic layout image, a building boundary mask, geometric
descriptors, and an eight-dimensional functional area proportion vector.

3.2. Conditional Diffusion Model

This study adopts a conditional diffusion model to generate university research build-
ing floor plans directly in a two-dimensional grid space. Unlike latent diffusion mod-
els, which compress images into lower-dimensional latent representations, the proposed
model performs denoising directly on rasterized semantic layouts to better preserve spatial
precision and boundary constraints. Given a clean layout image x0, Gaussian noise is
progressively added during the forward process [53]:

q(xt | xt−1) = N
(√

1 − βtxt−1, βtI
)

where βt denotes the predefined noise schedule. The closed-form expression used during
training is:

xt =
√

αtx0 +
√

1 − αtε, ε ∼ N (0, I)

αt =
t

∏
i=1

(1 − βi)

where αt is the cumulative noise coefficient. The model learns the reverse denoising process
under conditional guidance. To improve numerical stability, this study adopts v-prediction
parameterization, in which the network vθ(xt, t, c) predicts the velocity variable:

v =
√

αtε −
√

1 − αtx0

The diffusion training objective is:

Ldiff = Ex0,ε,t∥vθ(xt, t, c)− v∥2
2,

where t is a randomly sampled diffusion time step, ε is standard Gaussian noise, and c
denotes the condition vector. In this study, c = [A, W, H, S], where A is the functional
area proportion vector, W and H are the east–west and north–south spans, and S is the
Log-scale Parameter.

The reverse denoising network is a U-Net with cross-attention modules [54]. As shown
in Figure 2, the network input includes the noisy image Inoise, the boundary mask Ibd, and
the condition vector c. The diffusion time step is encoded as et, and the condition vector is
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mapped to a condition embedding ec. The encoder uses Cross-Attention Downsampling
(CA-Down) modules to extract multi-scale features and inject condition information [55]:

hl+1 = Down(CA(ResBlock(hl , et), ec))

where ResBlock(·) denotes the residual block, Down(·) denotes downsampling, and CA(·)
denotes cross-attention between image features and condition embedding. The bottleneck
further fuses global layout features through a Cross-Attention Middle (CA-Mid) module:

hout
mid = CA(ResBlock(hmid, et), ec)

The decoder adopts Cross-Attention Upsampling (CA-Up) modules to recover spatial
details while continuing to incorporate the same condition information:

hout
l = CA(ResBlock(Concat(Up(hl+1), hskip

l ), et), ec)

where Up(·) denotes upsampling, Concat(·) denotes feature concatenation, and hskip
l de-

notes the skip connection feature. Through this design, time information, boundary
information, and statistical condition information are jointly incorporated throughout
progressive denoising, enabling controllable layout generation under physical and quanti-
tative constraints.

Figure 2. Overall model architecture.

3.3. Two-Stage Layout-Generation Framework

In university research building floor plan generation, directly generating a complete
layout makes it difficult to maintain transportation connectivity and functional organization
simultaneously. Preliminary experiments show that the horizontal transportation area
often fails to connect all functional spaces when the complete layout is generated in a single
step [56]. Therefore, this study decomposes the task into two stages: transportation space
generation and complete layout generation [57].
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In the first stage, the model generates only the horizontal transportation area. This
transportation map serves as the organizational skeleton for the subsequent layout. The
generation process is expressed as:

xtraffic = fθ1(z, ec)

where z denotes the initial noise and ec denotes condition information.
In the second stage, the generated transportation map mtraffic is concatenated with the

noisy image along the channel dimension and used as an additional condition for complete
layout generation [47,50]:

xlayout = fθ2(z, mtraffic, ec)

This decomposition reduces generation complexity and encourages functional areas
to be organized along a continuous circulation structure.

3.4. Explicit Constraint Guided by the Statistic Network

Although the functional area proportion vector is injected as a condition, pixel-level
diffusion training alone may still produce deviations in the final area distribution. To
improve quantitative controllability, this study introduces an explicit statistical constraint
during conditional diffusion training. An independent statistic network predicts the
functional area proportion vector from a generated layout:

Â = gϕ(x)

where gϕ(·) denotes the statistic network and Â denotes the predicted area proportion
vector. The statistic network uses a CNN-based backbone and is pretrained before diffusion
training. It is then frozen during diffusion training to provide a stable supervision signal.

During diffusion training, the noise-free image estimate x̂0 is reconstructed from the
current noisy sample xt and the predicted velocity vector:

x̂0 =
√

αtxt −
√

1 − αtvθ(xt, t).

The reconstructed image is then input into the statistic network:

Â = gϕ(x̂0).

The predicted and target area proportions are compared using an L1 statistical con-
straint loss:

Llayout =
1
K

K

∑
i=1

∣∣Âi − Ai
∣∣

where K denotes the number of functional categories, Ai denotes the target area proportion,
and Âi denotes the predicted area proportion. The final training objective combines the
diffusion denoising loss and the statistical constraint loss:

L = Ldiff + λLlayout

where Ldiff denotes the standard diffusion denoising loss, Llayout denotes the statistical
constraint loss, and λ balances image quality and statistical consistency. The statistical
constraint is applied only in denoising stages where structural information is sufficiently
clear. Since the statistic network is used only during training, it improves global area
control without increasing inference cost.
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4. Experimental Results
4.1. Model Training
4.1.1. Training Samples

The dataset contains 600 standard-floor samples from real built projects and un-
built competition schemes of university research buildings. These samples cover both
single-discipline and interdisciplinary research buildings, mainly including Chemical and
Materials Sciences, Earth and Environmental Sciences, Physical Sciences, and Engineering
and Technology. The detailed distribution of laboratory categories and university sources
is provided in Appendix A.

4.1.2. Training Settings

To expand the sample size and improve model robustness, this study adopts the same
data preprocessing and data augmentation strategies for all comparison methods to ensure
the fairness and comparability of the experimental results.

In terms of optimization, all models are trained using the Adam optimizer. The initial
learning rate is set to 1 × 10−4 and is updated every 10 epochs with a decay coefficient of
0.2. The total number of training epochs is set to 500. The batch size for both training and
testing is set to 4.

To avoid performance bias caused by implementation details or hyperparameter
tuning, all baseline models are trained and evaluated under a unified training framework.
This includes consistent input resolution, data augmentation strategies, optimizer settings,
learning rate scheduling, batch size, number of training epochs, and evaluation procedures.
Unless otherwise specified, no additional independent hyperparameter tuning is conducted
for different models. All experiments are implemented using PyTorch 2.0.1 with CUDA
11.8 and conducted on a single NVIDIA GeForce RTX 3090 GPU (NVIDIA Corporation,
Santa Clara, CA, USA) to ensure consistency in the experimental environment.

4.2. Experimental Testing
4.2.1. Test Set

To evaluate the generation performance of the model, this study constructs an inde-
pendent test set that is used consistently in subsequent model comparison experiments,
ablation experiments, and the double-blind evaluation experiment. The test set includes
10 real university research building projects, none of which participate in model training,
as shown in Table 2. The test set is balanced in terms of building type, stratified in building
scale, and diverse in geometric conditions. It provides a reliable basis for subsequent
quantitative evaluation and subjective evaluation, thereby enabling a more systematic
verification of the effectiveness and applicability of the trained conditional diffusion model
in the early-stage floor plan design of university research buildings.

Table 2. Test set data.

Group East–West
Span (m)

North–South
Span (m) Aspect Ratio

Building Area
(m2)

Discipline Type

1 80.0 150.0 0.53 5687.6 Multi-discipline
2 50.0 58.0 0.86 1552.7 Single-discipline
3 80.5 85.0 0.95 3634.8 Multi-discipline
4 57.6 54.0 1.07 2239.6 Single-discipline
5 45.0 51.3 0.88 1832.4 Single-discipline
6 58.0 63.4 0.91 1766.6 Single-discipline
7 84.0 90.5 0.93 5219.1 Multi-discipline
8 57.0 69.0 0.83 2461.5 Multi-discipline
9 82.8 36.0 2.30 1970.0 Multi-discipline

10 61.2 54.0 1.13 1867.8 Single-discipline
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In terms of building scale, the building area of the test set ranges from 1552.7 m2

to 5687.6 m2. To ensure the representativeness of samples of different scales, the test set
includes five samples below 2000 m2 and five samples of 2000 m2 or above. This grouping
allows the test set to cover both small- and medium-scale research buildings and larger
research buildings, which helps compare the adaptability of the model under different
scale conditions.

In terms of floor plan geometry, the east–west span of the test set ranges from 45.0 m
to 84.0 m, while the north–south span ranges from 36.0 m to 150.0 m. The numerical
aspect ratio, calculated as east–west span divided by north–south span, ranges from
approximately 0.53 to 2.30. According to the distribution characteristics, the samples in
the test set can be summarized into three categories: low-aspect-ratio samples (0.53–0.88),
medium-aspect-ratio samples (0.91–1.07), and high-aspect-ratio samples (1.13–2.30). The
first two categories are relatively balanced in quantity, while the number of high-aspect-
ratio samples is relatively small. These samples mainly reflect a small number of cases with
special and elongated floor plan proportions.

In terms of building discipline type, the test set maintains a balanced distribution
between single-discipline buildings and multi-discipline buildings, with five samples
in each category. Compared with single-discipline buildings, multi-discipline research
buildings usually have a higher degree of functional complexity and stronger demand
for public communication. Their open communication spaces, shared platforms, and
transportation organization are often more complex. Therefore, they can more effectively
test the generation capability of the model under complex functional relationships.

In addition, to visually analyze the distribution consistency between the training set
and the test set in the feature space, this study conducts principal component analysis
(PCA) on the representations of the training and test sets. The samples are projected onto
two-dimensional planes formed by different principal components. In the figure, blue
points represent training samples, while red hollow circles represent test samples. Figure 3
shows that the test samples are generally located within or near the high-density regions of
the training samples in the projected feature space. This indicates that the test set is not an
out-of-distribution sample group, but still retains sufficient diversity in scale and geometric
conditions. Therefore, the following experimental results can reasonably reflect the model’s
generalization ability within the target data distribution.

Figure 3. PCA dimensionality reduction distribution of the training set and test set.
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4.2.2. Evaluation Metrics

To systematically evaluate the performance of generative models in the university
research building floor-plan-generation task, this study constructs an evaluation system
from four aspects: functional area control, building boundary constraints, transportation
space connectivity, and overall generation feasibility. Fréchet Inception Distance (FID) is
also introduced as a supplementary metric at the distribution level. These metrics corre-
spond to the model’s performance in quantitative constraint satisfaction, spatial boundary
compliance, transportation organization rationality, and overall generation quality.

(1) Regional Area Error

Regional area error is used to measure the deviation between the generated result and
the target area distribution. Suppose there are K functional areas. The area proportion of
the k-th region in the generated result is âk, and the target area proportion is ak. The area
error is defined as follows:

Area =
1
K

K

∑
k=1

|âk − ak|

where âk is obtained through pixel statistics:

âk =
1

H × W

H

∑
i=1

W

∑
j=1

1
(
xij = k

)
In the formula, H and W denote the height and width of the image, respectively, and

1(·) denotes the indicator function. When a pixel (i, j) belongs to the k-th category, the
function takes the value of 1; otherwise, it takes the value of 0. The smaller this metric is,
the more closely the generated result satisfies the target area constraint.

(2) Boundary Matching Degree

Boundary matching degree is used to measure how well the generated layout follows
the given building outline. Let the input boundary mask be denoted as B ∈ {0, 1}H×W ,
and the effective region of the generated result be denoted as B̂. The boundary matching
degree is defined as follows:

Boundary =
∑(i,j) 1

(
B̂ij = Bij

)
H × W

This metric essentially measures the pixel-level overlap between the generated layout
and the input boundary. Its value ranges from 0 to 1. A value closer to 1 indicates that the
generated result more accurately follows the building boundary constraint.

(3) Spatial Connectivity

Spatial connectivity is used to evaluate the overall connectivity of the transportation
space. Let the extracted transportation area be denoted as a binary image M ∈ {0, 1}H×W .
After connected-component labeling, N connected components are obtained, and their
corresponding pixel numbers are denoted as s1, s2, . . . , sN . Spatial connectivity is defined
as follows:

Conn =
max(s1, s2, . . . , sN)

∑N
i=1 si

This metric reflects the proportion of the largest connected component to the total
transportation area. When the value equals 1, the transportation space is fully connected.
A higher value indicates that the transportation organization is more complete and that the
spatial circulation is more continuous.
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(4) Success Rate

Based on the above individual metrics, this study further introduces success rate
as an overall evaluation metric to assess the model’s ability to generate valid schemes
under multiple constraints. Success rate measures the proportion of generated samples
that simultaneously satisfy the area constraint, boundary constraint, and connectivity
constraint. Suppose there are N generated samples. The area error, boundary matching
degree, and spatial connectivity of the i-th sample are denoted as Areai, Boundaryi, and
Conni, respectively, and their corresponding thresholds are denoted as τa, τb, and τc. The
success rate is defined as follows:

SuccessRate =
1
N

N

∑
i=1

1((Areai < τa) ∧ (Boundaryi > τb) ∧ (Conni > τc))

where 1(·) is an indicator function. It takes the value of 1 when the sample satisfies all three
constraints simultaneously; otherwise, it takes the value of 0. This metric comprehensively
reflects the model’s ability to generate valid solutions under multi-objective constraints.
A higher value indicates stronger overall feasibility. In the following experiments, the
area error threshold, boundary matching threshold, and connectivity threshold are set to
τa = 6%, τb = 90%, and τc = 80%, respectively.

(5) Fréchet Inception Distance (FID)

In addition to constraint-satisfaction metrics, this study further introduces Fréchet
Inception Distance (FID) to evaluate the distribution-level difference between generated
samples and real samples. FID measures the distance between generated and real samples
in the feature space, based on high-dimensional features extracted by the Inception network.
Suppose the features of real samples follow a Gaussian distribution N (µr, Σr), and the
features of generated samples follow a Gaussian distribution N (µg, Σg). FID is defined as
follows:

FID =
∥∥µr − µg

∥∥2
+ Tr

(
Σr + Σg − 2

(
ΣrΣg

)1/2
)

where µr and µg denote the feature means of real and generated samples, respectively;
Σr and Σg denote the corresponding covariance matrices; and Tr(·) denotes the matrix
trace operation. A lower FID indicates that the generated distribution is closer to the real
distribution and that the generation quality is higher.

All statistical analyses and graph generation were conducted using Python 3.11.7,
including NumPy 2.4.4, Pandas 3.0.2, SciPy 1.10.1, scikit-learn 1.3.0, and Matplotlib 3.10.8.

4.3. Model Comparison Experiment

This study selects several representative conditional generative models for compari-
son, covering both generative adversarial networks and diffusion models. The purpose is to
systematically evaluate their capabilities in structural modeling and constraint representa-
tion from the perspective of different generation mechanisms. Specifically, the comparison
models include the classic conditional adversarial generation model Pix2Pix, BicycleGAN,
and Stable Diffusion v1.5 fine-tuned with ControlNet. Pix2Pix maps condition inputs to tar-
get layouts through adversarial learning and represents the deterministic image-to-image
translation paradigm. BicycleGAN introduces latent variables and bidirectional consistency
constraints on this basis, enabling the modeling of one-to-many mapping relationships
and improving generation diversity to some extent. Stable Diffusion v1.5 fine-tuned with
ControlNet injects structural information as a condition into the diffusion process, thereby
guiding and controlling the generated results. It represents a mainstream technical route
based on large-scale pretrained diffusion models and recent conditional diffusion floor-plan
systems [55,58]. To ensure the fairness of the comparison, Pix2Pix, BicycleGAN, and Stable
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Diffusion v1.5 fine-tuned with ControlNet are all trained using the same dataset, optimizer,
and training settings as the proposed method. This minimizes performance bias caused by
differences in training conditions.

During the experiment, the 10 university research building projects in the test set are
used as unified input objects. Floor plan layouts are generated according to the building
outline boundary of each project. For Stable Diffusion v1.5 and the proposed method,
which have strong random sampling ability and output diversity, this study generates
200 candidate images for each test project. Some generated results are shown in Figure 4.
The mean values of all evaluation metrics are then calculated based on all generated results
to more comprehensively reflect the overall generation performance for each sample. By
contrast, in the experimental setting of this study, common Pix2Pix and BicycleGAN models
produce only one output for each input and have difficulty incorporating functional area
constraints. Therefore, for these two methods, the mean values of the evaluation metrics can
only be calculated based on their respective outputs for the 10 test samples. Because these
methods lack a comparable mechanism for area control, regional area error is not included
in the model comparison evaluation in this section. Instead, FID, building boundary IoU,
and Horizontal transportation connectivity are used for comprehensive comparison. The
experimental results are shown in Table 3.

The results in Table 3 show that the proposed method achieves the best overall perfor-
mance among the compared models, with the lowest FID, the highest building boundary
IoU, and the highest horizontal transportation connectivity. Figure 4 further provides a
visual comparison of generated results, showing that the proposed method better preserves
building boundary constraints and produces more continuous horizontal transportation
spaces. A more detailed interpretation of the model comparison results is provided in
Section 5.1.

Figure 4. Comparison of generated results from different models.
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Table 3. Comparison of different models.

Model FID Building Boundary IoU Horizontal Transportation
Connectivity

Pix2pix 137.4 97.6% 44.3%
BicycleGAN 107.2 96.2% 47.2%
Stable Diffusion 62.4 98.3% 82.5%
Our methods 50.3 99.9% 89.8%

4.4. Ablation Experiment

To verify the effects of the key strategies proposed in this study on the university re-
search building floor-plan-generation task, this study further conducts ablation experiments.
The experiments examine the influence of the two-stage layout generation mechanism and
the explicit constraint guided by the statistic network on model performance. To ensure
the comparability of the experimental results, all ablation models are trained using the
same dataset, optimizer, and training settings as the complete model and are evaluated
on the same test set. During the experiment, this study generates floor plan layouts for
the 10 university research building projects in the test set according to the corresponding
building boundary conditions and area requirements of each project. For each test sample,
each model generates 200 candidate images. The mean values of all evaluation metrics are
then calculated based on all generated results to reflect as comprehensively as possible the
generation performance of the model under different constraint conditions.

4.4.1. Verification of the Two-Stage Generation Mechanism

To verify the effectiveness of the two-stage layout generation strategy, this study
compares the complete model with the strategy against a single-stage baseline model
without the two-stage mechanism. The experimental results are shown in Table 4.

Table 4. Comparison between the two-stage model and the single-stage model.

Model FID Area
Error

Building
Boundary IoU

Horizontal Transportation
Connectivity

Success
Rate

Single-stage model 52.1 6.5% 99.9% 85.1% 2.3%
Two-stage model 50.3 5.9% 99.9% 89.8% 18.2%

The results show that the two-stage model outperforms the single-stage baseline
in FID, area error, horizontal transportation connectivity, and success rate. Specifically,
the success rate increases from 2.3% to 18.2%, and horizontal transportation connectivity
increases from 85.1% to 89.8%. Meanwhile, both models achieve a building boundary
IoU of 99.9%, indicating that the two-stage mechanism improves transportation space
organization without weakening boundary compliance. Figure 5 shows the probability
distribution of area error between the single-stage and two-stage models. The distribution
of the two-stage model is more concentrated in the lower-error range, suggesting that
generating the horizontal transportation structure before the complete layout helps stabilize
the subsequent functional area allocation. Further interpretation of the role of the two-stage
mechanism is provided in Section 5.2.

In terms of building boundary IoU, both models reach 99.9%, with almost no differ-
ence. This indicates that the two-stage mechanism does not weaken the model’s ability to
satisfy boundary constraints when introducing an additional generation step. In terms of
Horizontal transportation connectivity, the complete model improves from 85.1% to 89.8%,
indicating that the two-stage strategy performs better in overall spatial organization. This
is because the transportation skeleton generated in the first stage provides clear structural
guidance for subsequent functional areas, thereby improving transportation connectivity.
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Figure 5. Probability distribution of area error between the single-stage and two-stage models.

More importantly, the success rate of the two-stage model increases significantly from
2.3% to 18.2%. This result shows that the two-stage layout generation strategy not only
improves individual metrics but also significantly enhances the model’s ability to generate
valid schemes under multiple constraints. Overall, the two-stage layout generation strategy
improves distributional consistency, area control accuracy, spatial connectivity, and overall
success rate without affecting boundary accuracy, verifying its potential in research building
floor plan generation.

4.4.2. Verification of the Explicit Statistical Constraint

To verify the role of the proposed statistic network in the layout-generation process,
this study conducts an ablation experiment comparing the complete model with a model in
which the statistical constraint is removed. The experimental results are shown in Table 5.

Table 5. Comparison with and without the statistic network constraint.

Model FID Area
Error

Building
Boundary IoU

Horizontal Transportation
Connectivity

Success
Rate

w/o statistic network 55.3 9.4% 99.9% 82.1% 1.6%
Proposed method 50.3 5.9% 99.9% 89.8% 18.2%

As shown in Table 5, the model with the statistic-network-guided explicit constraint
achieves better performance across all evaluation metrics. Compared with the model with-
out the statistic network, the proposed method reduces the FID from 55.3 to 50.3, decreases
the area error from 9.4% to 5.9%, improves horizontal transportation connectivity from
82.1% to 89.8%, and increases the success rate from 1.6% to 18.2%. The building bound-
ary IoU remains 99.9% in both settings, indicating that the explicit statistical constraint
mainly improves global area consistency and layout feasibility without affecting boundary
control. Figure 6 shows the probability distribution of area error with and without the
statistic network constraint. The proposed method presents a clearer concentration in the
low-error range, indicating that the additional statistical supervision helps the generated
layouts better satisfy the target functional area proportions. The mechanism behind this
improvement is further discussed in Section 5.2.
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Figure 6. Probability distribution of area error with and without the statistic network constraint.

4.5. Double-Blind Evaluation Experiment
4.5.1. Experimental Settings

In this research, the “correctness” of an AI-generated floor plan is not defined as equiv-
alence to a complete architectural design or construction drawing. Instead, it is defined
as the degree to which the generated result satisfies the requirements of the early-stage
floor plan design stage. Therefore, design correctness is verified from two complementary
perspectives. First, quantitative metrics are used to evaluate whether the generated layouts
satisfy explicit constraints, including functional area control, building boundary matching,
and horizontal transportation connectivity. Second, expert review is used to evaluate
qualitative design attributes that cannot be fully captured by pixel-based metrics.

To evaluate, from the perspective of architects, the difference between university
research building floor plans generated by the conditional diffusion model constructed
in this study and real design cases, this study further conducts a double-blind evaluation
experiment. Unlike the previous model comparison and ablation experiments, which focus
on objective metrics, this section focuses on the performance of AI-generated floor plans at
the level of architects’ subjective perception. Particular attention is paid to the degree to
which AI-generated floor plans approach real cases in terms of spatial organization, spatial
form, and design inspiration.

This study selects the 10 real university research building projects in the test set as
evaluation objects. For each project, based on the building outline and functional indicators
corresponding to the real floor plan, the trained conditional diffusion model generates
200 candidate floor plans. Four floor plans with the best functional organization and
generation quality are selected from these candidates as AI-group samples. Therefore, each
experimental group contains one real floor plan and four AI-generated floor plans, forming
10 groups and 50 floor plans to be evaluated. The floor plans to be evaluated are shown in
Figure 7. To prevent reviewers from forming prior judgments based on information about
drawing sources, all samples are anonymized before evaluation. This includes removing
source information, unifying the drawing representation style, and randomly renumbering
the drawings, so that reviewers cannot distinguish real floor plans from AI-generated
floor plans.
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Considering the differences in representation between functional color-block diagrams
and conventional architectural floor plans, this study organizes preparatory training before
formal scoring to reduce reviewers’ misinterpretation of the drawing representation. The
training includes comparative learning using 20 groups of functional color-block diagrams
and their corresponding architectural floor plans. This helps reviewers understand the
spatial logic of different functional zones in color-block diagrams and their correspondence
with actual architectural floor plans, thereby improving the consistency and validity of
subsequent scoring.

This study invites five architects from the Architectural Design and Research Institute
of Zhejiang University, all with experience in research building design, to form the expert
review panel. All reviewers independently complete scoring without knowing the source
of each drawing. The questionnaire criteria are defined according to the main tasks of the
early-stage floor plan design of university research buildings. At this stage, the evaluation
focuses on whether the generated layout can provide a feasible functional zoning structure
and a useful design starting point, rather than whether it satisfies all technical requirements
of later design stages. Therefore, the questionnaire is organized into three primary dimen-
sions. Spatial organization rationality evaluates the basic functional logic and circulation
organization of the floor plan. Functional spatial form evaluates the morphological quality,
scale appropriateness, regularity, and environmental potential of the generated spaces.
Innovation and inspiration evaluates whether the generated result can provide alternative
design possibilities and support subsequent design development. A five-point scale is
adopted, with higher scores indicating higher reviewer evaluations of the corresponding
item. The specific evaluation dimensions and scoring criteria are shown in Table 6.

The evaluation dimensions also respond to several qualitative aspects of architectural
design. Physical environmental quality is preliminarily assessed through the daylighting
and ventilation potential of functional spaces. Humanistic and user-related considera-
tions are reflected in the evaluation of circulation rationality, functional layout logic, open
communication spaces, and the potential for subsequent design development. The for-
mal connotation of architectural design is mainly examined through spatial regularity,
layout novelty, and design inspiration. However, these evaluations remain at the level of
initial floor plan assessment and are based on expert judgment of functional color-block dia-
grams. They do not replace detailed environmental simulation, structural design, fire-safety
verification, or post-occupancy user evaluation.

In terms of data processing, this study takes the reviewer–experimental group combi-
nation as the basic observation unit for primary analysis. For the real group, each reviewer
corresponds to one real floor plan in each experimental group. The score for a primary
dimension is obtained by taking the arithmetic mean of all sub-indicator scores under
that dimension. For the AI group, each reviewer corresponds to four AI-generated floor
plans in each experimental group. This study first calculates the score of each AI-generated
floor plan under the corresponding primary dimension and then averages the dimension
scores of the four AI-generated floor plans in the same group. This value represents the
reviewer’s overall evaluation of the AI-generated results in that experimental group under
the corresponding primary dimension. Based on this processing method, each reviewer
forms a paired observation of “real floor plan–AI-generated floor plan” under each experi-
mental group. Because this study includes five reviewers and 10 experimental groups, a
total of 50 paired samples are formed for primary-dimension analysis. This data structure
maintains consistency in the statistical units of the real group and the AI group while
avoiding sample-structure imbalance caused by the fact that the number of AI-generated
floor plans within each group is larger than the number of real floor plans. It therefore
provides a reliable basis for subsequent statistical testing.
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Considering that the scoring data in the double-blind experiment are ordered categori-
cal variables based on a five-point scale and that the sample size is relatively limited, this
study mainly adopts nonparametric statistical methods for analysis.

Figure 7. Floor plans to be evaluated in the double-blind evaluation experiment.
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Table 6. Evaluation dimensions and scoring criteria.

Evaluation Dimension Sub-Indicator Evaluation Criterion (Five-Point Scale)

Spatial organization
rationality

Functional layout logic Evaluates whether the layout positions of the eight functional
zones conform to the research workflow.

Functional-zone
boundary smoothness

Evaluates whether the edges of functional color blocks are clear
and free from fragmentation and whether there is adhesion
between rooms.

Circulation connectivity
Evaluates whether the horizontal transportation space effectively
connects all functional spaces and whether the vertical
transportation space satisfies evacuation requirements.

Circulation rationality Evaluates whether the research circulation, including people,
materials, and experimental paths, is concise and smooth.

Functional spatial
form

Spatial scale
appropriateness

Evaluates whether the scale of each room conforms to its
disciplinary attributes and whether the spatial scale has real
physical meaning.

Spatial regularity Evaluates whether room shapes are regular and whether deformed
spaces or overly fragmented invalid pixel regions exist.

Daylighting and
ventilation potential

Examines whether spaces with environmental requirements, such
as office and laboratory spaces, are reasonably arranged along
external walls, atriums, or other interfaces with daylighting and
ventilation conditions.

Innovation and
inspiration

Layout novelty
Evaluates whether the scheme provides a floor plan arrangement
different from conventional routine designs and whether open
communication areas show distinctive spatial organization.

Design inspiration
Evaluates whether the generated result can break designers’
habitual thinking and provide a new inspirational perspective or
design starting point in the scheme-conception stage.

Potential for design
development

Evaluates the professional maturity of the initial floor plan and
determines whether it has potential for further design
development.

4.5.2. Comprehensive Analysis of Primary Dimensions

To compare the subjective evaluation differences between real floor plans and AI-
generated floor plans at the overall level, this study first conducts a paired comparison
between the two groups at the primary-dimension level, as shown in Table 7. The mean
values reflect the overall scoring levels of the real floor plans and AI-generated floor
plans under each primary evaluation dimension, while the standard deviations reflect the
dispersion of the scoring results. The comprehensive comparison between the real group
and the AI group is further visualized in Figure 8.

Table 7. Comprehensive comparison results of primary dimensions.

Dimension
Real Group
Mean (SD)

AI Group
Mean (SD)

Mean
Difference p-Value

Spatial organization rationality 4.155 (0.614) 3.836 (0.449) 0.319 0.0005
Functional spatial form 3.880 (0.770) 3.735 (0.440) 0.145 0.1110
Innovation and inspiration 3.507 (0.584) 3.442 (0.468) 0.065 0.5828
Overall score 3.878 (0.549) 3.688 (0.354) 0.191 0.0170

Note: p-values were calculated using the Wilcoxon signed-rank test.
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Figure 8. Boxplots of the overall comparison between real and AI groups across first-level evaluation
dimensions.

Comprehensive comparison between real and AI-generated floor plans at the primary-
dimension level. The figure shows the score distributions of spatial organization rationality,
functional spatial form, innovation and inspiration, and overall evaluation. The results
show that real floor plans obtain higher scores than AI-generated floor plans in spatial or-
ganization rationality. In contrast, the score differences between the two groups are smaller
in functional spatial form and innovation and inspiration. This indicates that AI-generated
layouts can approach real design cases in terms of spatial form and design inspiration, while
still showing limitations in the rational organization of complex functional relationships.

4.5.3. Sub-Indicator Analysis

To further identify the specific sources of differences at the primary-dimension level,
this study conducts a more detailed paired comparison between real floor plans and AI-
generated floor plans at the sub-indicator level, as shown in Table 8. The comparison of
sub-indicators between the real group and the AI group is shown in Figure 9.

Table 8. Comparison results at the sub-indicator level.

Dimension Sub-Indicator
Real Group
Mean (SD)

AI Group
Mean (SD)

Mean
Difference p-Value

Spatial
organization
rationality

Functional layout logic 4.160 (0.766) 3.780 (0.377) 0.380 0.0024
Functional-zone boundary
smoothness 4.280 (0.809) 3.885 (0.661) 0.395 0.0016

Circulation connectivity 4.020 (0.958) 3.925 (0.665) 0.095 0.5596
Circulation rationality 4.160 (0.792) 3.755 (0.561) 0.405 0.0029

Functional spatial
form

Spatial scale appropriateness 3.640 (1.139) 3.630 (0.521) 0.010 0.9638
Spatial regularity 3.920 (1.027) 4.100 (0.680) −0.180 0.2471
Daylighting and ventilation potential 4.080 (0.804) 3.475 (0.635) 0.605 0.0001

Innovation and
inspiration

Layout novelty 3.360 (0.663) 3.435 (0.575) −0.075 0.6217
Design inspiration 3.440 (0.951) 3.325 (0.523) 0.115 0.3861
Potential for design development 3.720 (0.834) 3.565 (0.544) 0.155 0.2025

Note: p-values were calculated using the Wilcoxon signed-rank test.

Figure 9 Comparison of sub-indicator scores between real and AI-generated floor
plans. The figure illustrates the detailed evaluation differences in functional layout logic,
circulation rationality, zoning relationship, spatial scale appropriateness, spatial regularity,
daylighting and ventilation potential, layout novelty, design inspiration, and potential
for design development. The sub-indicator results further show that the gap between
real and AI-generated floor plans is mainly concentrated in indicators related to spatial
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organization and circulation logic. By contrast, the AI-generated layouts perform relatively
closer to real cases in indicators related to spatial form, novelty, and design inspiration.
This result provides a more detailed basis for the subsequent discussion of the strengths
and limitations of the proposed method.

Figure 9. Comparison of sub-indicator scores between the real and AI groups.

4.5.4. Analysis of Influencing Factors Related to Building Attributes

In the analysis of building attribute factors, this study takes the scores of AI-generated
floor plans as the analysis object and uses the reviewer–experimental group combination
as the basic observation unit. The analysis explores the influence of building aspect ratio,
building area, and building discipline type on the subjective evaluation results of AI-
generated floor plans. Aspect ratio and building area are continuous variables. Therefore,
Spearman rank correlation analysis is used to examine their influence on scores [59].
Building discipline type is a categorical variable. Therefore, the Mann–Whitney U test
is used to compare the influence of building discipline type on scores [60]. The analysis
focuses on three primary dimensions, namely spatial organization rationality, functional
spatial form, and innovation and inspiration, as well as the overall score.

According to the correlation analysis results for aspect ratio in Table 9, building aspect
ratio shows a significant negative correlation with the spatial organization rationality score
of AI-generated floor plans. The relationship between aspect ratio and spatial organization
rationality is shown in Figure 10.

The correlation analysis between building area and AI-generated floor plan scores
is shown in Table 10, and the corresponding relationship is visualized in Figure 11. The
results indicate whether building scale affects the subjective evaluation of AI-generated
layouts under different design dimensions.

Table 9. Correlation analysis between aspect ratio and AI-generated floor plan scores.

Dimension Spearman ρ p-Value

Spatial organization rationality −0.281 0.0481
Functional spatial form −0.246 0.0853
Innovation and inspiration −0.154 0.2855
Overall score −0.253 0.0762

Note: p-values were calculated using Spearman rank correlation analysis.

Table 10. Correlation analysis between building area and AI-generated floor plan scores.

Dimension Spearman ρ p-Value

Spatial organization rationality −0.263 0.0650
Functional spatial form −0.319 0.0240
Innovation and inspiration −0.088 0.5437
Overall score −0.298 0.0354

Note: p-values were calculated using Spearman rank correlation analysis.
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Figure 10. Relationship between plan aspect ratio and the AI score of spatial organization rationality.

Figure 11. Relationship between building area and AI scores.

The influence of building discipline type on AI-generated floor plan scores is analyzed
using the Mann–Whitney U test, as shown in Table 11. The score distributions of single-
discipline and multi-discipline buildings are further shown in Figure 12.

Overall, the above results indicate that geometric and functional attributes of build-
ings may influence the subjective evaluation of AI-generated layouts. In particular, more
elongated floor plan proportions, larger spatial scales, or more complex disciplinary com-
positions may increase the difficulty of generating layouts with high spatial organization
rationality. A further interpretation of these results is provided in Section 5.3.

Table 11. Comparison of AI-generated floor plan scores under different building discipline types.

Dimension
Single-Discipline

AI Group (SD)
Multi-Discipline
AI Group (SD) U Value p-Value

Spatial organization rationality 3.898 (0.472) 3.775 (0.425) 359.0 0.3711
Functional spatial form 3.853 (0.428) 3.617 (0.428) 396.0 0.1067
Innovation and inspiration 3.497 (0.475) 3.387 (0.465) 342.5 0.5655
Overall score 3.764 (0.350) 3.611 (0.348) 385.0 0.1620

Note: p-values were calculated using the Mann–Whitney U test.
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Figure 12. Comparison of AI scores between single-discipline and multi-discipline buildings.

5. Discussion
5.1. Interpretation of Model Comparison Results

The model comparison experiment shows that the proposed method achieves better
overall performance than the selected baseline models. This result is closely related to the
specific requirements of university research building floor plan generation. Unlike general
image generation tasks, this task requires the model not only to generate visually plausible
layouts, but also to respond simultaneously to irregular building boundaries, quantitative
functional area requirements, and transportation space organization.

The GAN-based methods, including Pix2Pix and BicycleGAN, show limitations in this
task. Although these methods can learn image-to-image mapping relationships, they tend
to focus more on local visual correspondence and have difficulty maintaining global spatial
organization under complex functional and boundary constraints. This is reflected in their
weaker horizontal transportation connectivity and less stable functional zoning structures.
For university research buildings, where laboratories, research offices, support spaces, and
public communication areas must be organized through a clear circulation system, this
limitation directly affects the rationality of the generated layouts.

Stable Diffusion v1.5 fine-tuned with ControlNet performs better than the GAN-
based methods, indicating that diffusion models have advantages in structural consistency
and conditional generation. However, the latent-space generation mechanism of Stable
Diffusion is originally designed for natural image generation. When applied to architectural
functional color-block layouts, the compression and reconstruction process may weaken
pixel-level precision and reduce the stability of boundary and area control.

By contrast, the proposed method performs diffusion denoising directly in two-
dimensional grid space and introduces both building boundary masks and functional
area matrices as generation conditions. This design is more consistent with the repre-
sentation characteristics of architectural floor plans, because functional zoning layouts
require clear semantic boundaries, stable area proportions, and accurate response to the
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building outline. Therefore, the improvement of the proposed method is not only reflected
in image distribution similarity, but also in spatial constraint satisfaction and transportation
space continuity.

It should also be noted that FID is used in this study mainly as a horizontal compari-
son metric. Architectural functional floor plans are composed of discrete semantic color
blocks, and their data distribution differs substantially from natural images. Therefore,
the absolute value of FID should not be interpreted in the same way as in natural image
generation tasks. Under the same evaluation protocol, however, FID can still provide useful
supplementary evidence when combined with building boundary IoU and horizontal
transportation connectivity.

5.2. Interpretation of Ablation Results

The ablation experiments further clarify the roles of the two main components pro-
posed in this study: the two-stage layout generation mechanism and the statistic-network-
guided explicit constraint. These two components address different difficulties in early-
stage floor plan generation for university research buildings.

The two-stage generation mechanism mainly improves the organization of horizontal
transportation space. In university research buildings, horizontal circulation is not only a
traffic component but also the primary spatial skeleton that organizes laboratories, research
offices, support spaces, and open communication areas. If the complete layout is generated
directly in a single stage, the model needs to determine circulation organization and
functional area distribution simultaneously, which increases generation difficulty and
may lead to fragmented or weakly connected transportation spaces. By first generating
the horizontal transportation structure and then using it as a condition for complete
layout generation, the model obtains a clearer organizational reference for functional
area allocation. This explains why the two-stage model improves horizontal transportation
connectivity and overall success rate.

The statistic-network-guided explicit constraint mainly improves global functional
area control. Although the functional area matrix is injected into the diffusion model as a
condition, condition embedding alone does not necessarily guarantee that the final pixel
distribution will strictly match the target area proportions. The statistic network provides
an additional global supervision signal during training. By comparing the predicted area
proportions of generated layouts with the target area conditions, the model is encouraged
to generate layouts that better satisfy quantitative functional requirements.

The two components are therefore complementary. The two-stage mechanism strength-
ens the spatial organization logic of the generated layouts, especially the continuity and
guiding role of horizontal transportation. The explicit statistical constraint strengthens
the consistency between generated functional areas and target area proportions. Their
combination improves not only individual indicators such as area error and transportation
connectivity, but also the overall success rate under multiple constraints. This indicates that
early-stage floor plan generation for university research buildings requires both spatial–
structural guidance and global statistical control.

5.3. Analysis of Double-Blind Evaluation Results

The double-blind evaluation experiment provides a complementary assessment of the
generated layouts from the perspective of architectural design practice. Unlike quantitative
metrics, which mainly measure explicit constraints such as area control, boundary com-
pliance, and transportation connectivity, expert evaluation reflects whether the generated
layouts can be perceived as meaningful early-stage design proposals by architects.
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The results show that the AI-generated layouts approach real design cases in the
dimensions of functional spatial form and innovation and inspiration. This indicates that
the proposed method can generate functional zoning patterns with a certain degree of
morphological diversity and design potential, rather than merely reproducing rigid or
repetitive layouts. In early-stage floor plan design, such results can provide architects with
alternative spatial organization possibilities and support subsequent comparison, selection,
and manual refinement.

However, the evaluation also shows that gaps remain between AI-generated lay-
outs and real design cases in terms of spatial organization rationality. This suggests that
although the model can learn statistical patterns of functional zoning and circulation distri-
bution, it still has limitations in understanding deeper architectural logic. For example, the
hierarchical relationship among functional spaces, the priority of research workflows, the
coordination between public and private areas, and the detailed organization of laboratory-
related circulation cannot be fully captured by pixel-level generation alone.

The analysis of influencing factors further indicates that the performance of AI-
generated layouts is affected by geometric and scale conditions. Layouts with special
aspect ratios, larger building areas, or higher functional complexity tend to impose greater
challenges on the model. This result is consistent with architectural design practice, in
which elongated sites, large-scale buildings, and multi-discipline research programs usually
require more complex spatial coordination. Therefore, the double-blind evaluation not
only confirms the design potential of the proposed method, but also reveals the conditions
under which the current model is more likely to face limitations.

These findings clarify the role of AI in the proposed workflow. The model is not
intended to replace architects’ professional judgment or to generate complete architectural
design schemes. Instead, it is more suitable for producing early-stage functional zoning
layouts under given boundary and area constraints. Expert review remains necessary
to evaluate spatial rationality, functional appropriateness, and the feasibility of further
design development.

5.4. Scope and Limitations of the Evaluation Framework

The evaluation framework of this study is limited to the early-stage floor plan design
of university research buildings. In this context, early-stage floor plan design refers to
the initial exploratory phase of schematic design, in which architects develop preliminary
spatial layouts based on design briefs, site boundary conditions, functional requirements,
and quantitative area indicators. It does not refer to the formal preliminary design stage, nor
does it aim to generate complete architectural design documents. Therefore, the generated
results in this study should be understood as functional zoning layouts that support scheme
exploration, comparison, and subsequent manual refinement by architects.

Based on this research scope, the purpose of the evaluation is not to verify the correct-
ness of a complete architectural design scheme. Instead, it examines whether the generated
layouts satisfy the main requirements of early-stage floor plan generation. The quantitative
evaluation mainly focuses on functional area control, building boundary compliance, hori-
zontal transportation connectivity, and distribution-level image quality. These indicators
can measure whether the generated layouts respond to explicit geometric and statistical
constraints. For example, area error reflects the consistency between generated functional
area proportions and input conditions; building boundary IoU evaluates whether the
generated layout conforms to the given building outline; horizontal transportation connec-
tivity measures whether the circulation area forms a relatively continuous organizational
structure; and FID provides a supplementary evaluation of the distributional similarity
between generated and real floor plan samples.
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However, these quantitative metrics cannot fully represent the overall quality of
architectural design. Architectural floor plan design involves not only geometric boundaries
and functional area proportions, but also structural systems, fire safety, environmental
performance, equipment organization, construction feasibility, and user experience. These
aspects often require detailed architectural drawings, engineering information, simulation
models, or post-occupancy feedback, which are beyond the scope of the functional color-
block layouts generated in this study.

The expert-based double-blind evaluation complements the quantitative metrics by
introducing professional judgment from architects. It evaluates whether the generated
layouts show reasonable spatial organization tendencies, appropriate functional spatial
forms, and potential for design inspiration. Nevertheless, this evaluation is still based
on simplified functional zoning diagrams rather than complete architectural drawings.
Therefore, it can only provide an initial assessment of design potential at the early scheme
exploration stage. It cannot replace professional review in later schematic design, formal
preliminary design, or construction document stages.

Specifically, the current evaluation framework cannot fully assess several important
aspects of architectural design. First, it cannot verify the rationality of structural grids,
column arrangements, material systems, or construction details. Second, it cannot conduct
code-based checks related to fire evacuation distance, emergency exits, laboratory safety
zoning, clean and contaminated circulation, or hazardous material management. Third,
it cannot evaluate the detailed organization of mechanical, electrical, plumbing, and lab-
oratory equipment systems. Fourth, although daylighting and ventilation potential can
be preliminarily inferred from spatial layout, accurate environmental performance still
requires daylight simulation, ventilation simulation, energy modeling, and other quantita-
tive environmental analyses. Fifth, user experience, behavioral adaptability, and long-term
operational performance cannot be fully evaluated without user surveys, behavioral obser-
vation, or post-occupancy evaluation.

Therefore, the proposed evaluation framework should be regarded as an early-stage
assessment method for AI-generated functional zoning layouts rather than a comprehen-
sive architectural design evaluation system. The generated results are intended to assist
architects by expanding the range of possible layout configurations under given boundary
and area constraints. Future research should further integrate environmental simulation,
rule-based code checking, structural and equipment constraints, user-behavior simulation,
and post-occupancy evaluation to construct a more comprehensive evaluation framework
for AI-assisted architectural design.

6. Conclusions
This study proposes a generation workflow based on a conditional diffusion model

for the early-stage floor plan design of university research buildings under complex func-
tional constraints and spatial organization requirements. The proposed method performs
diffusion denoising directly in a two-dimensional grid space and achieves coordinated
control over building outlines and functional area proportions through the dual-condition
injection of building boundary conditions and a functional area matrix. On this basis,
this study further introduces a two-stage layout generation mechanism and an explicit
constraint guided by a statistic network to improve the model’s control over transportation
organization and global area distribution.

The experimental results show that the proposed method outperforms the selected
comparison models in quantitative evaluation and achieves a favorable level of subjective
evaluation in the double-blind evaluation experiment. The model comparison experi-
ment shows that the proposed method obtains the best results in terms of FID, building
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boundary IoU, and Horizontal transportation connectivity. The ablation experiment shows
that both the two-stage generation mechanism and the explicit statistical constraint can
significantly improve the model’s ability to generate feasible schemes under multiple
constraints. The double-blind evaluation results further indicate that AI-generated floor
plans have approached real cases in the dimensions of functional spatial form and inno-
vation and inspiration. However, there remains a gap between AI-generated floor plans
and real designs in terms of spatial organization rationality, indicating that the current
model still has room for improvement in organizing complex functional relationships and
coordinating circulation.

An important advantage of the proposed method is that its final output is not limited
to raster image results, but can be further converted into DXF files organized into layers by
different functional areas. This format allows the generated results to be directly imported
into a CAD environment, where architects can continue editing, modifying, and developing
the schemes. In this way, a human–AI collaborative workflow from AI generation to
manual adjustment is established. Compared with generative methods that only provide
conceptual image results, this editable structured output is closer to architectural design
practice and is more conducive to the application of the model in actual early-stage floor
plan design.

At the same time, this study still has several limitations. First, the spatial forms in the
current generated results are still dominated by relatively regular rectangular spaces. In
real research buildings, open communication spaces, lecture halls, and other functions often
have more complex and freer geometric forms. The existing model remains insufficient in
representing irregular spaces. Second, university research buildings have clear disciplinary
differences, and different disciplinary types correspond to different functional compositions
and spatial organization patterns. Although this study excludes some special disciplinary
types during data screening to improve the consistency of the research objects, it is still
necessary to further introduce disciplinary semantic information in future work and explore
categorized generation mechanisms for different types of research buildings. Third, the
current research object mainly remains at the level of functional color-block diagrams.
Although the generated results are suitable for layout analysis and scheme exploration,
they still have certain limitations in terms of architects’ intuitive understanding and design
representation. Future research should further train a generative model from functional
color-block diagrams to architectural floor plans, so as to obtain output results that are
more intuitive and closer to real design representation.

Overall, the conditional diffusion model in this study can generate feasible and design-
inspiring floor plan schemes for university research buildings under complex functional
and boundary constraints. It also supports architects’ subsequent editing and design
development through structured DXF output. This indicates that artificial intelligence
can not only participate in early-stage floor plan design as a scheme generation tool, but
also has the potential to further develop into a human–AI collaborative assistance system
embedded in real architectural design workflows.
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Appendix A
Research laboratory buildings refer to buildings that provide spatial environments for

scientific research, experiments, testing, and related activities. According to disciplinary
attributes, they can be divided into natural sciences and social sciences. Among them, labo-
ratory buildings in the social sciences are highly similar to ordinary office buildings in terms
of spatial pattern and lack the complexity specific to laboratory buildings. Therefore, they
are not included in this study. Natural sciences include Mathematical Sciences, Physical Sci-
ences, Chemical and Materials Sciences, Astronomical Sciences, Earth and Environmental
Sciences, Biological and Medical Sciences, and Engineering and Technology. Some disci-
plines are excluded because of their extreme spatial forms or strict isolation requirements.
Specifically, biological and medical laboratories often involve cleanliness-level control and
animal room requirements, and their floor plan circulation organization, including people,
materials, animals, and waste, is highly complex and exclusive. Laboratories in mechanical
engineering, civil engineering, power engineering, and related fields within Engineering
and Technology usually require very large spaces, heavy loads, crane beams, wind tunnels,
or other special facilities. Special physics laboratories must accommodate large precision
instruments and have strict requirements for vibration isolation and electromagnetic shield-
ing, making them highly customized spaces. Modern mathematics and astronomy research
mainly relies on computing platforms or general office environments. Unless precision
instrument development is involved, their building requirements are closer to ordinary
office buildings or supercomputing centers and therefore do not constitute typical objects
for laboratory-building floor plan research.

Based on the above screening logic, this study focuses on disciplinary types that can
reflect the common characteristics of laboratory-building spatial organization, mainly in-
cluding Chemical and Materials Sciences, Earth and Environmental Sciences, basic physics
laboratories, and some Engineering and Technology laboratories. The specific composition
is shown in Table A1.

The university research building floor plan samples used in this study include 600 cases.
They are derived from real built projects and unbuilt competition schemes from architec-
tural design institutes, including the Architectural Design and Research Institute of Zhejiang
University. The dataset covers multiple types, including single-discipline research build-
ings and interdisciplinary research buildings. As shown in Table A2, the training samples
include 269 cases of Chemical and Materials Sciences laboratory buildings, 59 cases of Earth
and Environmental Sciences laboratory buildings, 105 cases of Physical Sciences laboratory
buildings, and 167 cases of Engineering and Technology laboratories. The samples mainly
come from Zhejiang University and its affiliated units, including 248 cases from Zhejiang
University and its affiliated units, as shown in Table A3. Other universities also provide a
considerable number of cases, including Zhejiang Sci-Tech University, Hangzhou Dianzi
University, Anhui University, Zhejiang Chinese Medical University, Northeastern Univer-
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sity, Westlake University, Zhejiang Normal University, Guangdong Medical University,
Shandong Normal University, Zhejiang A&F University, and Ningbo University.

Table A1. Laboratory types with common spatial organization characteristics of laboratory buildings.

Laboratory Building
Category Laboratory Type Basic Laboratory Configuration

Chemical & Materials
Sciences

Basic chemistry laboratory Inorganic chemistry laboratory; organic chemistry laboratory; analytical
chemistry laboratory; physical chemistry laboratory.

Materials science and
engineering laboratory

Materials synthesis and preparation laboratory; materials
characterization and testing laboratory; polymer materials laboratory;
nanomaterials laboratory.

Earth &
Environmental

Sciences

Geomaterial analysis laboratory Rock and mineral sample preparation and analysis laboratory; isotope
geochemistry laboratory; micro-area analysis laboratory.

Environmental science laboratory
Environmental chemistry analysis laboratory; environmental biology
and ecology laboratory; environmental monitoring and simulation
laboratory.

Geology and geography
laboratory

General geology and mineralogy laboratory; structural geology
laboratory; remote sensing and geographic information systems
laboratory.

Physical Sciences Basic physics laboratory Mechanics laboratory; thermodynamics laboratory; electromagnetics
laboratory; optics laboratory.

Engineering &
Technology

Electronics and communication
laboratory

Microelectronics and integrated circuits laboratory; embedded systems
and circuit design laboratory; radio-frequency and microwave
laboratory; communication networks laboratory.

Optoelectronics and precision
instrument laboratory

Laser technology laboratory; precision measurement laboratory; optical
fiber communication laboratory.

Control and automation
laboratory Automatic control principles laboratory; sensor laboratory.

Table A2. Laboratory building categories and sample quantities.

Laboratory Building Category Number of Samples

Chemical & Materials Sciences 269
Earth & Environmental Sciences 59
Physical Sciences 105
Engineering & Technology 167

Table A3. Universities represented in the laboratory building cases.

University or Campus Number of Samples

Zhejiang University Zijingang Campus 52
Zhejiang University Yuquan Campus 28
Affiliated units of Zhejiang University, including Zhejiang University
International School of Medicine, Ningbo Campus, Haining
International Campus, and Zhejiang University International
Innovation Institute

168

Zhejiang Sci-Tech University 34
Hangzhou Dianzi University 31
Zhejiang Chinese Medical University 27
Westlake University 21
Zhejiang Normal University 19
Zhejiang A&F University 17
Ningbo University 13
Anhui University 27
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Table A3. Cont.

University or Campus Number of Samples

Northeastern University 26
China University of Mining and Technology 19
Guangdong Medical University 19
Shandong Normal University 16
Dalian University of Technology 7
Xidian University 6
Other universities with fewer than five cases 70
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