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Abstract: Artificial intelligence (Al), particularly machine learning (ML), is dramatically expanding
in design, in combination with computer vision, image recognition, segmentation methods, and satellite
imagery, for the use of Al in two-dimensional orthogonal imagery. This study utilizes Generative Ad-
versarial Networks (GANs) and Al Diffusion Models (DM) to generate novel garden plans. We utilized
a large dataset of two-dimensional garden plans obtained from an online design repository to train a
deep learning (DL) system on a) qualitative aspects, such as aesthetic scores, and b) quantitative attrib-
utes, such as functional scores. We used FastGAN, an existing DL architecture within a PyCharm en-
vironment, to generate rough landscape layouts, and then utilized the Stable Diffusion Model (SDM)
to provide them with higher definition and resolution. The system is trained on a custom dataset con-
sisting of projects evaluated by a large number of people. It learns and generates patterns, ratios, and
relationships related to land use. Hence, the outputs are high-quality landscape layouts suitable for
smaller-scale home garden projects. Our goal is to demonstrate an Al-based workflow that can assist
landscape architects in their explorations for smaller-scale landscape design projects. Finally, the out-
comes were assessed across 100 Al-generated plans based on eight criteria: graphic language, plan
readability, building mass, land-use patterns, circulation, softscape pattern, diversity, and readability.
The successful and negative aspects of the study, which scored above 72 percent in all criteria, were
identified and discussed.

Keywords: Deep learning, generative adversarial networks, landscape architecture, artificial intelli-
gence, diffusion models, big data, garden design

1 Introduction

In the last decade, the design field experienced an explosion in the use of Artificial Intelli-
gence (Al). Many studies are conducted on deep learning (DL) applications in design, from
generating two-dimensional plan layouts (NAUATA et al. 2020) to producing graph-based
conceptual compositions, to applying generative adversarial networks (GAN) to create novel
city block layouts and building plans and relationship relation which have unique and new
area of research (AS et al. 2018, HUANG & ZHENG 2018, LANDES 2022). The use of Al in
design is an important research problem and a natural continuation of digital design tools,
such as computer-aided design (CAD) and building information modeling (BIM), landscape
information modeling (LIM) technologies (CHAILLOU 2020, 2022). Al has caused a big leap
from rule-based decision making to statistical optimization, i. e., stochastic-based decision-
making (CAl et al. 2018). Studies on GAN and architectural design have yielded results that
show the potential applicability of Al beyond producing floor plans in raster format
(GOODFELLOW 2014, HUANG & ZHENG 2018, UZUN 2020). GANs have been trained with
pixel or graph-based data and generated novel and unprecedented designs (AS et al. 2018,
HUANG & ZHENG 2018). GAN structures efficiently operate with datasets containing numer-
ous data samples, while Diffusion Models (DM), identified as generative models, effectively
operate with small-sample datasets by using Stochastic Differential Equations to produce
high random noise (YANG 2023, DHARIWAL & NICHOL 2021). DM are also referred to as
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deep generative models because they possess the ability to communicate with datasets and
artificial neural networks(ANN), as well as to generate outputs with the ability to keep the
geometry stable, e. g. Stable Diffusion Models (SDM) (YANG 2023, DHARIWAL & NICHOL
2021, STOCKL 2023).

Neil Leach, a theoretician on Al in Architecture, predicts that Al will become an important
design tool for many different design disciplines, including landscape architecture (LEACH
2018). In contrast, there are studies that argue that the creativity and ability of artificial intel-
ligence are limited (CUDZIK & RADZISZEWSKI 2018). The discovery of artificial neural net-
works in the late 1990s, including convolutional neural networks (CNN) and later generative
adversarial networks (GAN), brought the concept of DL, which uses artificial neural net-
works, to the forefront as a significant subfield of Al (MUTHUKRISHNAN et al. 2020). There
is supervised learning which is a training method that occurs under human supervision, e. g.
the use of semantic segmentation in raster images, and unsupervised learning, where data is
directly provided to an ANN without human contribution in the training process (FERNBERG
& CHAMBERLAIN 2023, LIU et al. 2021a, SENEM et al. 2023). In a review study where re-
searchers in the discipline of landscape architecture focused on 100 relevant publications out
of a total of 600 prominent publications, the theme of Al aided-Landscape (AI-LA) argues
for the necessity of integrating with other disciplines and keeping pace with technological
advancements to avoid being caught unprepared (FERNBERG & CHAMBERLAIN 2023).In this
paper, we want to demonstrate how Al can help identify latent patterns trained from an ex-
isting high-performing landscape design dataset and generate unprecedented new garden de-
signs. Our goal is to develop and evaluate a new protocol of Al-use on two-dimensional
landscape plan drawings to obtain a case study for developing more scopes, scales, and con-
tents of the landscape architecture. Therefore, in this paper, we explore the use of Al in the
field of landscape architecture, in particular residential garden designs. ‘Can we train a DL
algorithm and automatically generate novel garden designs?’ is our research question. We
first querried data from arcbazar.com an online design competition platform. Second, the data
was trained by FastGAN on garden designs, and generated new landscape layouts; third, we
used the outputs from the previous stage as an input into a SDM, in order to give it more
resolution and definition; and finally, we evaluated our models, the applicability of FastGAN,
SDM-generated outputs, and compared the results.

2 Methods, Tools, and Techniques

The method of this study comprises four stages: Making Data Machine-Readable, Using
FastGAN to generate novel landscape layouts, Using SDM to create higher definition and
resolution, and Assessment of Al-Generated Landscape Plans. Figure 1 provides a step-by-
step representation of the method of this research, illustrating all data flow and relationships
in the most comprehensible manner. Making Data Machine-Readable: Collecting data in-
volves working with a database management system (DBMS), that can store large amounts
of data, and querying it to filter useful data (BROWNLEE 2020; 2022, ORDONEZ 2013). These
DBMS structures enable the storage of all data from social media platforms, such as raster
data, with labeled tags, e. g., name, surname, geo-location, date, score, etc., and allow the
retrieval through various queries. The raster data stored in the accessed DBMS, as identified
in the literature review studies, has been classified as a distinct data type. Using FastGAN
to generate novel landscape layouts: The capability of FastGAN to perform effectively with
a limited dataset significantly influenced our decision to incorporate it into the study. Fast-
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GAN models feature a single convolutional layer in the generator and three channels in the
discriminator's convolutional layer, resulting in a smaller and faster training process (LIU et
al. 2021b). PyCharm Integrated Development Environment (IDE) is the recommended IDE
for installing the required libraries: tqdm, scipy, scikit-image, ipdb, pandas, Imdb, opencv,
easing-functions, torch, and torchvision. Create FastGAN, designate the dataset folder as the
input directory, and specify an output folder to store the results generated by FastGAN. After
the training process is completed, it is possible to obtain raw results generated by the Al. The
most important feature of this stage is the ability of the FastGAN structure to learn ratios,
land use patterns, and relationships from examples in the input dataset. Using SDM to create
higher definition and resolution: The SDMs have the skill to keep learned ratios, land use
patterns, and relationships of raster data and increase definition and resolution, that is the
purpose of the use of SDMs. The SDMs can use and manipulate raster data as input with
texting prompt. Hence, the study determined to use following promt with raster data input:
‘landscape plan, landscape design, garden plan, garden design.” Assessment of Al-
Generated Landscape Plans: Final outputs of the study will provide the chance to compare
Al-Generated landscape designs vs those designed by humans. Design examples will be ex-
amined based on specified criteria, and a DM production will be evaluated individually on
100 plans, determining the percentage in a binary logic (+ and -) indicating its presence or
absence. It has been deemed appropriate for the visibility of whether the 100 design examples
meet the specified criteria, as it will facilitate logical discussions and evaluations. The pres-
ence of these criteria will be understood by posing eight questions; these questions are as
follows: 1. Does the project designed by a single designer and a team resemble a design
language and pattern? 2. Is the plan generated by Al readable and free from data noise? 3. Is
the building mass delineated in the landscape plan? 4. Does an Al-generated project's rela-
tionship between hardscape and softscape resemble human production? 5. Are there hard-
scape uses with uninterrupted circulation? 6. Does Al-generated softscape design resemble a
human-like design? 7. Do the uses of trees, shrubs, and ground covers appear in the plan? 8.
Are trees, shrubs, and ground covers readable and free from data noise? This binary logic,
presence or absence decision will give the percentage of those questions will allow discussion
and conclusion from different perspectives.
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Making Data Machine-Readable: The platform, arcbazar.com is an online design reposi-
tory in which individual users can launch a competition has accumulated more than 300.000
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design sheets stored around the world with evaluations of projects, i. e., scores cast by website
users based on beauty, function, idea, graphics, and buildability. Permission to use data from
arcbazar.com has been obtained, as well as permission to DBMS to access and store on a
personal computer (PC). Among 300,000 images of various projects, under the landscape
architecture cluster, the garden design project cluster was queried and 5,000 images were
selected based on a beauty score of 5.0 and above, we obtained 73 images of landscape plans
from this query. The reason behind this highly sophisticated sample piece of dataset is to use
qualified plans (Fig. 2). Using FastGAN to generate novel landscape layouts: In order to
strengthen our methodology, we choose to use the FastGAN software option developed to
work datasets with small numbers (HIRUTA 2022). The system is creted as identified in meth-
odology (Fig. 1), we fed the system with 73 landscape plans. After 50.000 iterations the
training process FastGAN has been completed. Using SDM to create higher definition and
resolution: We used FastGAN outputs as input into SDM, and applied the following prompt:
‘landscape plan, landscape design, garden plan, garden design.” We use the results of Fast-
GAN as input to SDM to generate better resolution and higher definition with protect ratios,
land use patterns, and relationships (Fig. 3).

Fig. 2:

73 garden plans used to train FastGAN, ob-
tained after aimed cluster of data pool in or-
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identified scope of landscape architecture
from Arcbazar DBMS

Fig. 3:

FastGAN generated ratios, land use patterns,
and relationships like input data in Figure 2.
SDM keeps the important contents of lay-
outs and gives better readability, which is
seen in this 3rd stage of the study. The simi-
larities and differences between FastGAN
and SDM can be clearly observed in this fig-
ure.

Assessment of AI-Generated Landscape Plans: The comprehensibility and logical coher-
ence of the obtained landscape designs are emphasized in the literature review (LEACH 2022a;
2022b). Consequently, obtaining + or — responses through defined questions in methodology
can be evaluated on 100 landscape plans, leading to a percentage-based assessment. The sur-
vey was done by a landscape architect and Geo.IT PhD Candidate (Author 1) supervised by
Authors (2,3,4).
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4 Results

The study can produce landscape designs with its methodology and dataset; therefore, to
answer the posed questions, 100 design examples from Figure 4 were utilized to derive per-
centages using the '+ or -' logic in Table 1. Table 1 presents our observations regarding sev-
eral key aspects of the landscape plans. These observations were made to comprehensively
understand the landscape plans' characteristics and quality.

Fig. 4:
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Table 1: Questions about Al capability and outcomes of 100 pieces of Generated Plans
means 800 surveys made to obtain percentages

Question Percentage
1. Does the project designed by a single designer and/or a team resemble a de- 82
sign language and pattern?

2. Is the plan generated by Al readable and free from data noise? 73
3. Is the building mass clearly delineated in the landscape plan? 72
4. Does the relationship between hardscape and softscape in an Al-generated 87
project resemble human production?

5. Are there hardscape uses with uninterrupted circulation? 76
6. Does Al-generated softscape design resemble a human-like design? 81
7. Do the uses of trees, shrubs, and ground covers appear in the plan? 81
8. Are trees, shrubs, and ground covers readable and free from data noise? 85

Answer to “Does the project designed by a single designer and/or a team resemble a de-
sign language and pattern?”: The lines, colors, and patterns in the landscape plan drawing,
individually examined according to criteria, did not meet the criteria as the 18 drawing ex-
amples did not exhibit variations. For example piece of 82 to 100 are produced like same
team like Figure 5.a result, it is obvious the hardscape and softscape pattern is balanced and
well coordinated like designed by one hand. Answer to “Is the plan generated by Al read-
able and free from data noise?”: From 100 design example we examined plans' readability
and clarity. Given the critical importance of clear plan legibility, 73 outputs were identified



142 Journal of Digital Landscape Architecture - 9-2024

as data-noise-free to comprehend the 100 general landscape plan (Fig. 5a). Answer to “Is
the building mass clearly delineated in the landscape plan?”: Outputs that clearly distin-
guish building masses from the landscape account for 72% (Fig. 5a). Answer to “Does the
relationship between hardscape and softscape in an Al-generated project resemble hu-
man production?”: Taking a general overview of the designs, the ratios and relationships
between hardscape and softscape zones show a resemblance to human-like designs, with a
percentage of 87%. If there are structures in 13 examples that are meaningless, illogical, and
unnecessary in these proportions and relationships, they are excluded from the criterion. An-
swer to “Are there hardscape uses with uninterrupted circulation?”: 76 designs incor-
porate uninterrupted pedestrian circulation (Fig. 5b). The pedestrian circulation criteria are
important for landscape projects; otherwise, the designed system will be illogical without
pedestrian circulation. Answer to “Does Al-generated softscape design resemble a hu-
man-like design?”: When examining the softscape design in the analyzed 100 plans, it was
observed that in 19 plans, independent and unrelated structures were present instead of the
organized softscape patterns typically found in people's designed plans. Answer to “Do the
uses of trees, shrubs, and ground covers appear in the plan?”: Designs incorporating tree,
shrub, and ground cover plant groups hold a percentage of 81 (Fig. 5b). Answer to “Are
trees, shrubs, and ground covers readable and free from data noise?”: Drawings con-
sisting of tree, shrub, and ground cover elements demonstrate an 85% response to the ques-
tion of being free from data noise and readable (Fig. 5¢). The relationships and characteris-
tics, whether present or absent, in the questions asked have been discussed, with similarity to
humans with 79.625 percent through Al in overal, the study method is completed.

a
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Fig. 5: a. An Al-Generated Example with its' Uniform Graphical Language. This layout is
intended for the explanation of the first three questions and their observation within
this scope. b. An Al-generated example that demonstrates inadequacy is identified
with respect to the following aspects: 3. The condition of generated building mass,
4. The design pattern for softscape and hardscape elements, 5. continuous pedestrian
circulation ¢. An Al-generated example with a readable softscape pattern for espe-
cially last question as well as provides observation for the sixth and seventh ques-
tions
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5 Discussion and Conclusion

The study yielded a successful generative thematic system designed with all logical criteria
specifically tailored for garden landscapes. A parallel and expected outcome has materialized
in the efforts of architects delving into generative Al. Through the methodology employed,
it has been discerned that delving into datasets of varying scales holds promise in crafting a
more complex design support tool. The studies focused on generating floor plans at specified
scales have prompted us to pose theoretical questions, such as integrating generative land-
scape studies. Additionally, it has been understood that comprehensive applications capable
of producing landscapes in compliance with local regulations are feasible. The study's dataset
has a low sample count and a specific scale, which presents these limitations. Access limited
to a single DBMS, the hardware used in the study, and the CNN and DM utilized can be
generally seen as the study's constrained resources and areas of weakness. Future research
should involve multiple data sources and work across multiple scales. Additionally, weak-
nesses and future opportunities of the research include its reliance on raster data and the lack
of integration between CAD and BIM-LIM. This study stands out as an example of generat-
ing landscape designs through the DL process without human intervention. It could prove
beneficial to those interested as an experimental study in the field of landscape architecture.
In terms of Al it serves as a reminder from a landscape architecture perspective that Al must
strive to produce rational solutions rather than irregular and irrational outputs. From the per-
spective of landscape architecture, there is still much ground to cover in artificial intelligence
research regarding aspects such as database handling, dataset diversity, compatibility with
various data types, methodology, scale, and scope.
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