
LandCraft: Designing the Structured 3D Landscapes via Text Guidance

Zhihao Liu1,2*, Fang Liu1*, Weihao Xuan1,2, Naoto Yokoya1,2†

1The University of Tokyo
2RIKEN Center for Advanced Intelligence Project (AIP)

liuzh96@outlook.com, fangliu2896@gmail.com, xuan@ms.k.u-tokyo.ac.jp, yokoya@k.u-tokyo.ac.jp

Abstract

Modeling large-scale landscapes is a foundational yet time-
consuming task in many 3D applications, typically requiring
substantial expertise. Recently, Text-to-3D techniques have
emerged as a promising, beginner-friendly prototyping ap-
proach for generating 3D content from textual input. How-
ever, existing methods either produce unusable, problematic
geometries, or fail to fully capture the user’s complex in-
tent from the input text—making it difficult to generate high-
quality landscape assets with controllable spatial and geo-
graphic features. In this paper, we present LandCraft, a novel
AI-assisted authoring tool that enables the rapid creation of
high-quality landscape scenes based on user descriptions. Our
system employs a coarse-to-fine generation process: Initially,
large language and deep generative models concretize tex-
tual ideas into abstract representations that capture essential
landscape features, such as spatial and geographic character-
istics. Then, we leverage a comprehensive procedural gener-
ation module to synthesize the detailed, structurally consis-
tent 3D landscapes based on these inferred representations.
Our LandCraft can effectively generate production-ready 3D
scene assets that can be seamlessly exported to external game
engines or modeling software, enabling immediate practical
use.

Introduction
Landscapes are the foundation of our natural world. Their
high-quality 3D models can greatly enhance the realism of a
wide range of applications such as games, movies, and vir-
tual reality. The conventional approach to 3D landscape cre-
ation relies heavily on manual modeling within commercial
software platforms (e.g., 3ds Max). This process is not only
time-consuming and labor-intensive, but also requires pro-
fessional expertise, posing a significant barrier for newcom-
ers. Therefore, there is a growing need for efficient methods
to create 3D landscape scenes.

With advances in generative AI, Text-based generation
has emerged as a promising design paradigm, enabling even
beginners to rapidly create various digital content such as
images (Rombach et al. 2022; Podell et al. 2024). Build-
ing on this progress, recent research has extended text-based
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generation into the 3D domain. Methods like DreamFu-
sion (Poole et al. 2023) and its successors (Sun et al. 2024b;
Wang et al. 2024; Lin et al. 2023) achieve Text-to-3D gen-
eration by leveraging diffusion models to produce 3D con-
tent in implicit forms, such as neural radiance fields. How-
ever, these methods face several critical limitations: they pri-
marily focus on small, isolated objects and tend to generate
outputs with unstructured geometry and noise. Especially
when dealing with complex scenes such as landscapes, the
results are often low-resolution and topologically problem-
atic meshes. Thus, generating high-quality, truly-usable 3D
landscapes from text prompts is beyond their capabilities.

To tackle this problem, recent research has explored com-
bining AI with procedural modeling techniques to produce
more realistic 3D scenes. Procedural modeling (Smelik et al.
2014) is an important concept in computer graphics (CG)
that enables the algorithmic generation of production-ready
3D models through predefined rules These rules program-
matically simulate structural patterns found in nature, allow-
ing for the automated creation of diverse 3D scenes such as
forests (Niese et al. 2022) and terrains (Guérin et al. 2016).
To enable text-driven control, recent 3D-GPT (Sun et al.
2024a) and its concurrent works (Hu et al. 2024; Zhou et al.
2025) have made preliminary attempts to leverage large lan-
guage models (LLMs) to translate text into simple Blender
commands for 3D scene generation. However, these meth-
ods only generate beginner-level scenes where objects are
just randomly placed. And users are not allowed to control
the spatial layouts or geographic features, leading to their
inability of creating large-scale landscapes with controllable
complex structures. Secondly, these methods are all built
on Blender, a professional 3D software that requires expert
knowledge to use, making it inaccessible for most ordinary
users.

In this paper, we present LandCraft, a novel framework
that enables even novice users to easily generate high-
quality, personalized 3D landscapes from text descriptions.
Our method employs a progressive synthesis scheme: (1)
Given a text description, we first leverage a large language
model (LLM) to generate an initial concretization of the tar-
get landscape. Specifically, the LLM functions a analytic
planner to extract a set of coarse-grained features, includ-
ing the approximate spatial locations of landscape elements
and a collection of attributes that define both global and lo-
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Figure 1: (a) We present LandCraft, a novel text-based generation framework that enables users to easily create detailed, large-
scale 3D landscapes with correct spatial and geographic features. (b) The user interface of our LandCraft.

cal appearance settings. (2) Next, we employ a diffusion-
based conditional map generator (MapGen) to refine this
initial concretization into more detailed maps. These maps
define heightfields and semantic layouts with fine-grained
precision. (3) Finally, conditioned on the inferred maps and
attributes, we leverage a comprehensive compositional 3D
generation module to synthesize the final 3D landscape
scenes. This module incorporates a suite of well-integrated,
parametric procedural generators, and is capable of effec-
tively producing realistic 3D assets for various terrain com-
ponents, such as trees, grass, cities, and other natural or
man-made elements. We specifically develop our procedu-
ral generators by C# and C++, rather than relying on inef-
ficient Python wrappers of third-party tools like Blender,
thereby achieving significantly higher geometry modeling
efficiency. Figure 1 showcases two example modeling re-
sults with an average generation time of just 1.8 minutes. To
summarize, this work makes the following contributions:

• A novel landscape design system that empowers users to
rapidly create realistic, large-scale 3D landscape assets
tailored to their textual descriptions. Our system yields
exportable and editable 3D models, allowing seamless
integration into external game engines for immediate use.

• We present a coarse-to-fine framework that systemati-
cally integrates LLM, generative network, and procedu-
ral modeling techniques, enabling the creation of struc-
tured landscape models with reliable user control over
the spatial layouts and appearance details.

• A light-weight, intuitive software interface (Figure 1(b))
for users to perform the landscape generation simply with
a single click. Extensive experiments demonstrate the ef-
fectiveness of our method in reasoning and planning for
3D landscape generation.

Related Work
3D Landscape Generation. Previous research on landscape
modeling mainly focuses on its random generation, with
procedural modeling techniques being the predominant ap-
proach (Smelik et al. 2014). Procedural modeling is a con-

cept that generates 3D content by programmatically simu-
lating its underlying structural patterns (e.g., self-similarity).
Early studies primarily addressed the modeling of geological
elevation characteristics of terrain surfaces, such as moun-
tains (Stachniak and Stuerzlinger 2005; Guérin et al. 2016),
wrinkles (Cordonnier et al. 2023; Génevaux et al. 2015), and
river systems (Derzapf et al. 2011; Peytavie et al. 2019).
More recently, with procedural modeling techniques extend-
ing to domains like forests (Niese et al. 2022; Palubicki
et al. 2009; Liu, Cheng, and Yokoya 2025) and urban ar-
eas (Parish and Müller 2001), researchers also began to ex-
plore generating more realistic and complex landscape com-
posites (Emilien et al. 2012; Grosbellet et al. 2016; Bulbul
2023; Pałubicki et al. 2022). However, these methods pri-
marily focus on random generation without easy user con-
trol. Users must possess sufficient programming skills to
produce satisfying results.
Text-based Generative Models. The introduction of latent
diffusion model (LDM) (Rombach et al. 2022) has signifi-
cantly accelerated the development in Text-to-Image (T2I)
generation domain. A range of subsequent works were then
proposed to improve the image quality (Podell et al. 2024;
Saharia et al. 2022) or to address specific user require-
ments (Li et al. 2025; Ma et al. 2025). Moreover, researchers
also explored incorporating multimodal inputs (e.g., images
or sounds) as additional guidance in the T2I generation
process to further enhance user control (Zhang, Rao, and
Agrawala 2023; Sung-Bin et al. 2025).

The above success in the 2D has also influenced the de-
velopment of 3D generation. Early Text-to-3D approaches
are limited to producing low-resolution 3D representations,
such as voxels (Chen et al. 2018), and point clouds (Nichol
et al. 2022). Recently, DreamFusion (Poole et al. 2023) and
its successors (Lin et al. 2023; Wang et al. 2024; Cao et al.
2024) have made substantial progress by leveraging diffu-
sion models to help generate visually appealing 3D objects
in the form of neural radiance fields (NeRFs) or Gaussian
splatting. However, the outputs of these methods are often
unstructured geometries with noticeable floaters and noises,
which hinders their practical applicability. Generating high-
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Figure 2: Overall pipeline of our proposed method. (a) Our process begins using an LLM to concretize plausible spatial distribu-
tions for landscape elements and appearance parameters. (b) The map generator modules (MapGen) then sequentially generate
the detailed layout map Ml and a heightfield map Mh conditioned on the LLM output and the given text. (c) Finally, the 3D
landscape models are synthesized using procedural modeling techniques, based on the maps Ml and Mh, as well as the inferred
local/global appearance parameters.

quality, large-scale landscapes with complex topologies is
beyond their capabilities.
Large Language Models. Recent advancements in large
language models (LLMs) have demonstrated impressive ca-
pabilities in logical reasoning, significantly reshaping the
paradigm of natural language processing (NLP) (Devlin
et al. 2019; OpenAI 2023; Dubey et al. 2024) . By lever-
aging in-context learning (Wei et al. 2022) or various fine-
tuning strategies (Hu et al. 2022), LLMs can be effectively
adapted to a wide range of specialized downstream appli-
cations including robotics (Dalal et al. 2024), vision (Wang
et al. 2023), art design (Qu et al. 2023; Liu et al. 2025), and
beyond (Wang et al. 2025a). Building on this, several recent
works also explored using LLMs to achieve the scene gen-
eration (Hu et al. 2024; Sun et al. 2024a; Zhou et al. 2025).
These methods try to translate input text into instructions
that are executable by commercial 3D software like Blender
to construct simple 3D scene. However, these methods are
limited to beginner-level operations—such as just placing
pre-defined objects in a small area in a random pattern. None
of the above methods can generate large 3D landscapes with
controllable spatial layouts and geographic structures from
the text descriptions.

Methodology: From Text to 3D Landscape
In this paper, we propose a coarse-to-fine paradigm for ef-
ficiently generating 3D landscape assets from text prompts,
with offering robust control over spatial and visual features.
Figure 2 illustrates the overall framework of our approach,
and we introduce its three main steps in the following sub-
sections:

LLM-based Initial Concretization
Given the input text, our first step is to generate an initial
concretization for the entire landscape at a coarse-grained

level, outlining plausible spatial arrangements of landscape
elements along with the corresponding appearance parame-
ters. Previous studies have demonstrated that LLMs exhibit
strong potential in performing question-answering tasks re-
lated to layout understanding (Qu et al. 2023; Feng et al.
2024). Inspired by this, we leverage the GPT-4o module
(OpenAI 2023) to plan the initial landscape layouts.

As shown in Figure 2(a), given the text prompts, the LLM
extracts a group of landscape elements {Ei|i ∈ N}, and each
element is described as the following triplet:

Ei = (ci,P i,Attri). (1)

Here, ci denotes the element’s category, P i represents the
spatial coordinates defining the location of Ei, and Attri
is the local appearance attributes. By default, the location
P i is represented as a 2D bounding box when the category
ci is ”town”, ”mountain”, or ”water body”. In these cases,
P i =

{
P 0

i ,P
1
i

}
represents the (x, y)-coordinates of the

top-left and bottom-right vertices for the bounding box area,
respectively. For ”river” category, we use the polyline to
describe its flow path, where P i =

{
P k

i

}
(2 ≤ k ≤ 5)

indicates the key sequential vertices along the river. In our
settings, a river can have at most 5 vertices.

Each region Ei is also associated with a few local ap-
pearance attributes Attri (e.g., the residential density in a
town area), which can be seamlessly used by the subsequent
procedural modeling algorithms to generate 3D landscape
scenes that align with the user-specified features. Beyond
element-level arrangement, LLM also automatically extracts
a set of global parameters F that describes the features of
the entire landscape, such as the base surface tint and vege-
tation types. We adapt the LLM to our task using in-context
learning (ICL) (Brown 2020). The full ICL instructions and
the global/local parameter list are summarized in the supple-
mentary materials.
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Figure 3: The procedural modeling module contains a series
of modular sub-algorithms to synthesize details for final 3D
landscape geometries with separable hierarchies.

Fine-Grained Map Generator
Given the intial concretization, we then synthesize more
fine-grained landscape maps based on diffusion models. As
shown in Figure 2(b), we first plot the numerical locations of
all elements onto a 2D image Me. Next, we train two map
generators (MapGen) to sequentially produce a layout map
Ml and a height map Mh for the entire terrain.

Simply put, this step has two image translation processes,
both taking multimodal inputs (i.e., text prompt τ and an
image M ) and producing a new image M ′ in a different do-
main. However, prior LDMs like ControlNet (Zhang, Rao,
and Agrawala 2023) often struggle with multi-object con-
trol, which leads to redundant/missing elements in the result-
ing maps (please see supplementary material). Therefore, a
more reliable map generator is needed for this step.
Architecture. In brief, our MapGen network adopts a chain
of Diffusion Transformer (DiT) (Peebles and Xie 2023) as
the base architecture. We use a CLIP text encoder to extract
the text embeddings, which are then injected into the DiT
blocks via multi-head cross-attention (Chen et al. 2024).
Diffusion Loss. One key of the network is the use of a Brow-
nian Bridge diffusion model (BBDM) (Li et al. 2023). Un-
like prior multimodal LDMs (Zhang, Rao, and Agrawala
2023) that take a random noise as initial state, the BBDM
defines the T -step denoising process as a stochastic Brown-
ian bridge, where the source and target images are directly
treated as the initial and end states of diffusion process.
Therefore, the intermediate state xt at time t ∈ [0, T ] can be
formulated as an interpolation between two image domains:

xt = (1− t

T
)M +

t

T
M ′ + γ, (2)

where γ ∼ N (0, σtI) is a small noise term. This formu-

lation ensures that all intermediate states xt are explicitly
constrained by both source and target domains, leading to
improved spatial and semantic consistency throughout the
generation process. Thus, the final Brownian bridge diffu-
sion loss can be written as:

Lbbdm = ∥ϵθ(xt, t, τ )− ϵt∥2 , ϵt = t
T (M

′ −M) + γ (3)

Here, the network is trained to predict ϵt, which is the dif-
ference between xt and initial state M .

Apart from diffusion loss, we also add extra loss terms
according to different map types, respectively.
Layout Consistency Loss. For the first MapGen generating
the layout maps Ml, we additionally add a layout consis-
tency loss to further enhance the spatial alignments between
the predicted maps and the known element location coordi-
nates. Specifically, the loss is computed as Soft-IoU score
over all semantic categories c:

Llc = 1− 1

|C|
∑
c

∑
(B̂c ·Bc)∑

(B̂c +Bc − B̂c ·Bc)
(4)

where ”·” indicates element-wise multiplication. B̂c is the
binary mask for class c obtained from the predicted layout
map M̂l, while Bc is another binary mask of class c derived
from the known numerical element locations of Ei: For box-
type classes (e.g., town), the mask value in Bc is set to 1
inside bounding boxes and 0 elsewhere, while for path-type
elements (i.e., river), we sparsely sample several keypoints
along the path and assign them a value of 1 in the mask Bc.
Gradient Loss. Moreover, we also incorporate a gradient
loss term for the second MapGen′ that generates height maps
Mh. This loss penalizes discrepancies between the height
gradients of maps, so as to produce more geometrically con-
sistent elevation. The gradient loss is defined as:

Lgrad = ∥∇xM̂h −∇xMh∥1 + ∥∇yM̂h −∇yMh∥1, (5)

where M̂h and Mh denote the predicted and ground truth el-
evation maps, and ∇x, ∇y represent the horizontal and ver-
tical gradient operators, respectively.

As a result, the complete loss functions used to train
the two map generator modules can be defined as: LMl

=
Lbbdm + λ1Llc and LMh

= Lbbdm + λ2Lgrad, respectively.
where λ1 and λ2 are hyperparameters.

Compositional 3D Landscape Constructions
After applying the above AI modules, we have obtained a
series of intermediate representations that align with the user
inputs, i.e., two fine-grained maps (Ml and Mh) and a set of
global/local appearance parameters.

To instantiate these abstract representations, our final step
employs a combination of parametric procedural modeling
algorithms to synthesize realistic 3D landscape models with
intricate geometric details automatically. As shown in Fig-
ure 3, we begin by constructing 3D triangular meshes for
the bare terrain surface based on the height map Mh. Then,
for each element area in the layout map Ml, we implemented
specific algorithmic modules to generate the corresponding
3D details. The following briefly summarizes the techniques
used for different landscape elements:
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Towns. A rule-based road-map algorithm (Parish and Müller
2001) is utilized to generate the street networks and sub-
divide the city area into a series of smaller blocks. Sub-
sequently, each block will have a certain probability to
evolve into a building or urban green space. For the building
blocks, we further generate 3D building models within the
block boundaries using a component-based building model-
ing method (Schwarz and Müller 2015).
Vegetation. The 3D tree models with various species are
botanically generated based on a self-organization model-
ing algorithm (Palubicki et al. 2009), and then are planted
in wild areas and urban green spaces using a probabilistic
placement strategy (Niese et al. 2022).
Water Areas. For water areas and rivers, we simulate
real-time water surface animation in the GPU shader using
the Trochoidal Gerstner wave algorithm (Tessendorf et al.
2001).

We implemented the above procedural generation mod-
ules based on C++. As shown in Figure 3, this modular gen-
eration workflow can make each landscape element to be
independent and separable, resulting in 3D scenes with fine-
grained hierarchical structures. This feature also enables our
results to be directly used in external game engines or com-
mercial modeling software.
Dataset Synthesis. The above procedural modeling is uti-
lized not only in the design stage but also for automatically
synthesizing the dataset to train the neural networks. The
core of dataset generation is to obtain the inputs and outputs
for MapGen, including the text prompts, element triplets Ei,
as well as two maps Ml and Mh.

Specifically, we first synthesize the semantic layout maps
Ml based on a combination of random walk and cellular au-
tomata algorithms (Macedo and Chaimowicz 2017). Then,
the terrain heightfields Mh are simulated based on a gradi-
ent field-based method (Guérin et al. 2022) for the moun-
tain area marked in Ml, and perlin-noise (Perlin 1985) for
the outside regions. The element triplet Ei = (li,P i,Attri)
and appearance attributes can be jointly collected during the
generation of map Ml. Finally, to obtain the input text, we
employ GPT-4o to construct the descriptions according to
the extracted element triplets Ei and appearance attributes.
We also manually proofread the text descriptions to prevent
potential mislabeling. As a result, we synthesize 20K sam-
ples to train the map generators.

Experimental Evaluation
In this section, we conducted a series of experiments to val-
idate the effectiveness of LandCraft both qualitatively and
quantitatively. The software interface and procedural gener-
ators were developed in C++&C#, and we deploy the inter-
face on a machine equipped with an Intel Core Ultra 9 CPU.
The AI modules were implemented in PyTorch and trained
on a Nvidia A100 GPU. For quantitative evaluation, we ad-
ditionally synthesized 2k landscape samples as the test set.

Results
Modeling Results. To demonstrate the robustness of the
proposed method, Figure 5 first presents several modeling

Map types Loss setting LPIPS ↓ SSIM ↑

Layout Ml
Lbbdm 0.425 0.741
Lbbdm+Llc (Full) 0.398 0.786

Height Mh
Lbbdm 0.497 0.726
Lbbdm+Lgrad (Full) 0.464 0.752

Table 1: Ablation study of using different loss combinations
for MapGen to generate two map types, respectively.

Figure 4: The use of LLM can yield various possible con-
cretizations that all align with user inputs. This feature facil-
itates the open-ended exploration of results by users.

results generated from challenging input scenarios. We test
the prompts containing vague descriptions, stylized shapes,
and complex multi-object spatial relationships, respectively.
The results show that our output can closely align with
the given requirements, demonstrating the system’s high
flexibility in understanding diverse landscape descriptions.
Moreover, text-based design is also widely recognized for
providing users with high flexibility in open-ended explo-
ration of results. Figure 4 illustrates an example: given a tex-
tual input, our system can generate various yet semantically
consistent outputs. Users can select their preferred version,
thereby facilitating their ideation stage.

Figure 7 further provides a gallery of more generated
landscapes, demonstrating the capability of our approach to
yield structurally diverse results.
Network Performance. To quantitatively evaluate our ap-
proach, we also designed a series of ablation studies. Here,
we first focus on the design of the map generator (Map-
Gen) module. In Table 1, we quantitatively analyze the ef-
fectiveness of different loss function combinations for gen-
erating two types of maps. We adopt two evaluation metrics:
LPIPS (Zhang et al. 2018) and SSIM (Wang et al. 2004),
both of which are well-suited for assessing localized struc-
tural similarity and perceptual quality in images. The results
in Table 1 demonstrate that incorporating the loss terms Llc

and Lgrad can effectively enhances the performance of the
base diffusion model for the two map generation tasks. Due
to page limitations, more quantitative and qualitative analy-
ses are included in the supplementary materials.
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Figure 5: Robustness of layout induction in handling challenging text descriptions: (a) vague descriptions, (b) stylized shapes,
and (c) multi-object spatial relations, demonstrating the high adaptability of our method to diverse user requirements.

Figure 6: Qualitative comparisons with recent text-3D ap-
proaches: (a-b) the generic text-to-3D methods, (c-d) scene-
specific methods, (e) our method.

Comparisons
In Figure 6, we further compare our LandCraft with a se-
ries of recent Text-to-3D approaches, and we categorize the
previous works into two groups:

The first group is the generic text-to-3D methods, with
ProlificDreamer(Wang et al. 2024) and EmbodiedGen(Wang
et al. 2025b) representing recent advances in this area. These
methods typically leverage neural networks to generate 3D
shapes in implicit forms such as NeRFs. However, these
methods are primarily suitable for isolated objects, and only

Method AE↑ CST↑
DreamFussion (Poole et al. 2023) 2.63 2.86
ProlificDreamer (Wang et al. 2024) 2.96 2.75
EmbodiedGen (Wang et al. 2025b) 4.24 3.65
3D-GPT (Sun et al. 2024a) 6.73 4.39
SceneCraft (Hu et al. 2024) 5.46 5.27
Ours 8.62 7.51

Table 2: Results of a user study comparing our method with
recent Text-to-3D approaches. We mainly measures two as-
pects: aesthetics (AE) and text-scene consistency (CST).

yield “unstructured” geometries. Therefore, when applied to
complex scenes, they tend to produce problematic, water-
tight meshes with low-resolution details (see Figure 6 (a-b)).
As a result, these methods are unable to produce practically-
usable 3D landscape assets.

The second group is the recent scene-specific methods
like 3D-GPT (Sun et al. 2024a). These methods employ
LLM to infer Blender commands for assembling 3D assets
into 3D scenes. However, limited by Blender’s functional-
ity, these methods only randomly place objects without pre-
cise control. They cannot interpret users’ more complex in-
tentions, such as manipulating spatial layouts or geographic
features. Therefore, they only generate homogeneous scenes
with simple patterns (see Figure 6(c-d)). Moreover, Blender
is a very complicated platform, and users must require a cer-
tain level of expertise to correctly operate their methods.

In contrast, by decomposing the generation process into
a three-stage coarse-to-fine workflow, our system can ef-
fectively accommodate users’ complex and diverse require-
ments, including robust control over spatial layouts, appear-
ance features, etc. This enables the creation of large-scale
terrain scenes with rich structural diversity. Meanwhile, our
one-stop software interface also greatly facilitates users’ in-
teraction and use. Please also refer to the supplementary ma-
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Figure 7: A Gallery of 3D Landscapes that are directly generated by our text-based generation method. Please see the Supple-
mental Material for the corresponding input text prompts and more results.

Figure 8: Practical application examples of our results. (a)
City-light simulation. (b-d) Export into Unity game engine.

terial for a detailed quantitative comparison.
User Study. We also conducted a user study to further eval-
uate the effectiveness of different Text-to-3D approaches
from user’s perspective. The study involved 15 participants,
including 4 experts in 3D modeling and 11 novice volun-
teers. Prior to the study, we configured recent methods for
participants to use. Noted, since 3D-GPT (Sun et al. 2024a)
and SceneCraft (Hu et al. 2024) are not fully open-source
so far, we allow participants to assess by reviewing the re-
sults presented in their original papers. Each participant was
asked to freely create 3D landscapes using the systems, and
then rate them based on two criteria: aesthetic quality (AE)
and text-scene consistency (CST). All ratings were collected
using a 10-point Likert scale (higher scores indicate better
performance). Table 2 summarizes the average scores. Over-
all, our system received relatively better ratings on both met-
rics, which is consistent with our earlier analyses.

Conclusion
In this paper, we presented LandCraft, a novel text-based
prototyping system that reliably concretizes users’ textual
descriptions into high-quality, structured 3D landscape as-
sets. Our system allows even novice users without profes-
sional design knowledge to create landscapes with minimal
effort. We introduce an AI-CG collaborative pipeline that
decouples the task into a coarse-to-fine progressive gener-
ation workflow. This workflow ensures robust control over
terrain features, while satisfying the requirements of precise
3D geometric modeling. As a result, our approach can pro-
duce editable 3D scenes that are directly compatible with
industrial 3D software. Fig. 8 showcases several examples
of applying our generated models in practical applications.
Furthermore, we developed an intuitive user interface that
allows interactive refinement of generated results accord-
ing to users’ needs. Extensive experiments demonstrate our
modeling system’s usability, efficiency, and effectiveness in
creating diverse landscape scenes.
Limitations. As a preliminary attempt, our system still has
limitations. For instance, our current system fails to make re-
sponse for the requirements of specific cultural styles (e.g.,
medieval European or Middle Eastern cities). To solve this
problem, we plan to collaborate closely with industry part-
ners in the future to incorporate industrial-grade assets into
our procedural modeling modules—such as more facade
textures for buildings, thereby enhancing the completeness
and visual quality of the generated scenes.
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Génevaux, J.-D.; Galin, E.; Peytavie, A.; Guérin, E.; Bri-
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Měch, R.; and Prusinkiewicz, P. 2009. Self-organizing tree
models for image synthesis. ACM Transactions On Graph-
ics (TOG), 1–10.
Pałubicki, W.; Makowski, M.; Gajda, W.; Hädrich, T.;
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