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Abstract—In the gaming industry, recent technological and
economic growth has made it one of the most lucrative markets,
driving demand for solutions that reduce costs and complexity in
development. Procedural Content Generation (PCG) has emerged
as a promising resource, particularly in terrain generation, which
remains technically challenging. Existing approaches can be
grouped into three categories: Al-based methods that provide
realistic details, geometric techniques that enable scalability, and
rule-based methods that enforce structural constraints. However,
issues such as limited variety, quality, and customization remain.
To address these challenges, we propose a system that integrates a
Transfer Style Network with Fractal Brownian Motion (FBM) noise
under user-defined constraints. This hybrid design generates
terrains that are realistic, customizable, and semantically rich.
Results show that our method preserves user constraints while
producing diverse terrains similar to real-world samples, offering
developers a robust and efficient tool for accelerating terrain
creation and enhancing variability in game environments.

I. INTRODUCTION

The video game industry has seen rapid growth, surpassing
USD 187.7 billion in 2023 and projected to exceed USD 200
billion by 2026 [1], [2]. This expansion has increased the de-
mand for techniques that accelerate development, particularly
in complex content creation such as virtual terrains.

Generating large-scale, realistic terrains is challenging and
requires expertise as well as significant computational effort.
Procedural Content Generation (PCG) offers a solution by
automating the creation of textures, maps, and landscapes
[3]. Common approaches include: Al-based methods, which
learn from real data to produce realistic structures; noise-
based techniques, which generate heightmaps efficiently but
lack semantic control; and rule-based systems, which ensure
consistency but risk repetitiveness [4].

While games like Minecraft and No Man’s Sky use these
methods to create vast environments, challenges remain in
achieving both diversity and coherence. Randomness can
produce fragmented terrains, while over-control may yield
repetitive results. Moreover, purely stochastic methods often
miss realistic features such as rivers or biome diversity.

To address this, our proposed system combines real-world
terrain data with stochastic noise generation, refined through
neural networks. A genetic algorithm (GA) is employed to
automatically tune the parameters of the style transfer stage,
reducing manual trial-and-error and adapting the process to
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different geomorphological contexts. This approach aims to
generate diverse, high-quality terrains with semantic structure,
respecting user-defined constraints while ensuring consistency
and efficiency. Evaluation focuses on visual quality, structural
similarity, and adaptability to real terrains.

Results show that our method can produce terrains for
multiple geomorphologies (ridge, valley, plain) with structural
similarity above 0.79, final loss below 70, and strong ad-
herence to constraints. This demonstrates its potential as an
efficient tool for generating realistic, constraint-aware terrains
with variety and speed.

II. RELATED WORK

Procedural Terrain Generation (PTG) has evolved through
various approaches, primarily falling into two categories:
Geometric methods and Al-based.

A. Geometric Methods

Geometric or noise-based methods generate terrain by ma-
nipulating elevation, slope, and irregularity using mathematical
models such as Perlin noise, fractals, and erosion algorithms
[3], [5], [6]. These methods rely on pseudo-random functions
and spatial rules to simulate realistic terrain forms. Although
computationally efficient and widely used, they often lack
semantic structure, realism, or fine control [7], [8].

The Sparse Construction Tree [9] enables terrain simplifi-
cation by storing elevation features in a hierarchical structure,
allowing further refinement. While useful for enhancing visual
detail, it lacks support for landmarks, object placement, and
consistent morphology.

Thorimbert et al. [10] propose a fast terrain generation
technique based on fractal Brownian motion and polynomial
interpolation. Their method generalizes terrain dimensions and
gradients but lacks control over semantic features or terrain
constraints. The AutoBiomes system [11] combines DEMs
with climate simulation to generate multi-biome landscapes.
Despite producing visually diverse terrains, it lacks support
for rivers, erosion features, and points of interest.

A more flexible approach is proposed by Gasch et al. [12],
where Perlin noise is combined with user-defined constraints
to control elevation, paths, and terrain zones. This method
introduces semantic control while preserving randomness but



can produce discontinuities in large maps. Finally, Le [7] en-
hances basic Perlin noise with customizable parameters (e.g.,
scale, persistence, octaves), enabling greater terrain variation.
However, this technique still lacks semantic placement, object
integration, and support for real-world features.

In summary, geometric methods offer simplicity and speed
but typically fall short in semantic richness and customization.

B. Al-Based Methods

Artificial Intelligence (AI) techniques are widely used in
terrain generation due to their ability to extract patterns from
geospatial data, satellite imagery, and elevation maps [4].
These approaches can be broadly classified into two main
types: evolutionary methods and neural networks.

1) Evolutionary Methods: Evolutionary algorithms aim to
generate terrains quickly using stochastic operations such as
mutation or recombination. Systems like the Auto Terrain
Generation System (ATGS) [13] allow users to select preferred
maps from a pool of random options, refining them iteratively.
Genetic programming (GP), as explored in [14], encodes
generation logic into tree structures but lacks diversity and
control over real-world features.

Other works use hybrid approaches, combining genetic al-
gorithms with 2D maps to evolve terrain features like elevation
and distribution [15]. While promising, they struggle with ter-
rain continuity and object placement. Cellular automata have
been applied to generate 2D dungeons [16] but offer limited
spatial complexity and are unfit for large 3D environments.

2) Neural Networks: Neural network-based techniques gen-
erate terrain procedurally from input data, often using Deep
Learning (DL) approaches such as GANs and CNNs [4],
[17]. These models process 2D satellite images or sketches
to produce 3D elevation maps.

In the work of A. Wulff-Jensen [18], a DC-GAN model
is used within Unity to generate high-resolution terrains.
Similarly, Panagiotou et al. [17] convert satellite RGB images
into digital elevation models (DEMs), though the method lacks
semantic elements like landmarks or objects. Other GAN-
based systems allow user-drawn inputs to guide terrain features
like in G. Voulgaris work [19], but regularly trade detail for
speed and lack support for infinite terrain generation.

Advanced methods such as StyleTerrain [20] aim to disen-
tangle terrain features and amplify their structure, yet suffer
from edge discontinuities and limited customization. In the
work of F. Merizzi [21] uses neural style transfer to combine
real terrain features with procedural noise, producing morpho-
logically rich terrains at a high computational cost and limited
generality.

Overall, while Al-based methods offer high visual fidelity
and adaptability, they often struggle with semantic control,
performance, or detailed customization.

III. OVERVIEW OF THE HYBRID METHOD

Prior work in PTG has explored different strategies to
balance realism and controllability. Merizzi et al. [21] intro-
duced a neural approach that combines features from real-
world terrains with synthetic generation, achieving high visual

fidelity but offering limited user control. Gasch et al. [12]
proposed a constraint-based noise generation technique, which
allows explicit control but lacks the expressive detail of Al-
based models. Our work brings these ideas together in a
unified pipeline that integrates style transfer, FBM noise, and
user-defined constraints. In addition, a genetic algorithm (GA)
is used as a preliminary step to optimize the parameters
of the style transfer process, helping to identify suitable
content and style weights before the pipeline is executed. This
design ensures both realism and flexibility, while also reducing
manual tuning and highlighting the originality of the approach.

Our system addresses key limitations found in existing
methods. To overcome the absence of landmarks and user-
defined constraints, we apply constrained FBM noise to gen-
erate paths and structured features. To enhance variability and
realism, we extract morphological features from selected real
terrains and combine them with adjustable noise parameters.
The GA contributes by automatically searching for effective
parameter configurations, using SSIM as part of the fitness
function. Although not depicted in the main pipeline diagram,
this optimization step complements the process by providing
well-adapted parameters, allowing neural networks to enhance
realism and adapt to different geomorphological contexts while
smoothing transitions and mitigating discontinuities inherent
in noise-based methods.

IV. METHODOLOGY

The overall pipeline is illustrated in Figure 1. It begins
with constraint-based FBM noise to define paths and structural
features, followed by the extraction of morphological patterns
from real terrains. These are then integrated through neural
style transfer, and finally refined with smoothing operations
to reduce discontinuities. This sequence allows the system to
balance controllability with morphological realism.

The system integrates optional user inputs, such as paths or
shapes, with procedurally generated terrains and refines them
through a style transfer neural network. This pipeline enables
the generation of 3D terrains that are realistic, visually diverse,
and customizable, while maintaining computational feasibility.
The model is organized into four stages.

A. Part 1: Input Collection

The first stage receives two types of inputs. The first is
an optional user-defined map provided through an on-screen
interface. Users may draw paths, boundaries, or custom re-
gions to define semantic structures such as roads, flat zones, or
restricted elevation zones. This input offers high-level control
over the terrain layout but can also be omitted for fully
procedural generation, as discussed in [12].

The second input is a procedurally generated heightmap
based on Fractal Brownian Motion (fBm) noise [22]. By
adjusting parameters such as frequency, amplitude, lacunarity,
turbulence, and the number of octaves, this technique produces
complex terrain patterns with varied and natural-looking for-
mations.
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Fig. 1. Hybrid methodology for PTG using restrictions, fractal noise, and neural style transfer.

B. Part 2: Base Terrain Construction

In the second stage, both inputs are combined into a single
base terrain following the concept of layered noise [12]. The
constraint map is aligned with the fBm noise layer, embed-
ding user-defined features within stochastic variations. This
integration provides a compromise between semantic control
and natural randomness. The resulting heightmap serves as the
foundation for the subsequent stage, where realism is enhanced
through neural style transfer.

C. PFart 3: Style Transfer Using Real-World Heightmaps

Then, we use a style transfer network to enhance the
generated terrain, following the method suggested by [21].
In this stage, we combine a real-world terrain image chosen
by the user, serving as the style input, with a procedurally
generated heightmap as the content.

To ensure better control and tuning of the neural network
parameters, we limit the style inputs to three representative
terrain types: Valley, Plain, and Ridge. Each of these requires
specific parameter adjustments to achieve optimal results. The
goal is to synthesize a final terrain that merges the structural
layout of the content with the morphological characteristics of
the selected real-world terrain type.

This is achieved using Neural Style Transfer (NST), imple-
mented through a pre-trained VGG-19 convolutional neural
network [23], which extracts both content and style features
from the input images. Figures 2 and 3 illustrate these inputs
and extracted content. The content image defines the overall
shape of the terrain, while the style image contributes fine-
grained textures such as river branches and erosion patterns.

T minimizes a weighted loss function that balances content
and style, controlled by parameters o and 3. To reduce manual
trial-and-error in selecting these values, we employ a genetic
algorithm (GA) as a preliminary step. Each individual in the
GA encodes a candidate pair of content and style weights,
and the fitness is defined by the Structural Similarity Index

Shapes of the terrain

Fig. 2. Content image: a procedurally generated terrain. It provides the base
structure for the final result.

Style or patterns of the

Fig. 3. Style image: a real-world terrain sample, showing natural features
such as river branches and textures.

Measure (SSIM) between the generated terrain and the refer-
ence morphology. Through selection, crossover, and mutation,
the GA converges toward parameter settings that maximize
perceptual similarity while preserving structural constraints.

D. Part 4: Texturing and Final Terrain

This is the final stage of the proposed pipeline. Once the
terrain has been processed through the Neural Style Transfer
(NST) network, the next step involves post-processing the
resulting heightmap. This output is loaded into a graphics



engine like Unity [24], where it is rendered by applying a
color gradient based on elevation values.

V. RESULTS AND EXPERIMENTS

We evaluated our algorithm with three user-defined inputs:
a cross, a circle with a lambda inside, and an M-like curve.
Each of these inputs is applied, respectively, to different real-
world terrains previously defined in our dataset: ridge, plain,
and valley. The inputs and their corresponding outcomes are
shown in Figure 4.

The present evaluation highlights the ability of the method
to generate coherent terrains that adapt to user-defined con-
straints. At this stage, the experiments focus on qualitative
results and structural similarity metrics (SSIM), which already
provide evidence of the method’s ability to preserve terrain
morphology under user-defined constraints. Since this is a
work-in-progress contribution, broader comparisons with alter-
native methods and the inclusion of further performance mea-
sures will be carried out in subsequent stages of the research.
Expanding these analyses will allow a more comprehensive
positioning of our approach within the state of the art.

a) Case 1 — Ridge terrain.: The first input corresponds
to a user-defined constraint that highlights the letter “X”, as
shown in Figure 4a. This is combined with the Ridge terrain
(Figure 4b), and the final result is presented in Figure 4c. Ridge
terrains are characterized by elongated elevated landforms with
steep sides, often formed by erosion or tectonic activity. The
distinctive crest lines and sharp relief patterns of the Ridge
terrain have been successfully transferred onto the noise-based
content image, preserving the original “X” constraint.

b) Case 2 — Valley terrain.: The second input consists
of a shaped-based input, in this case based on the form of the
lambda symbol (Figure 4d). This is combined with the Valley
terrain (Figure 4e), producing the result shown in Figure 4f.
Valley terrains are typically characterized by elongated low
areas between hills or mountains, typically containing rivers
or streams. The result clearly incorporates these features, with
smooth slopes and channel-like depressions appearing within
the constrained shape.

c) Case 3 — Plain terrain.: The third input corresponds
to a path-based input, drawn manually on a blank canvas to
define a specific trajectory (Figure 4g). This is combined with
the plain terrain (Figure 4h), and the final result is shown in
Figure 4i. Plain terrains are generally flat or gently rolling
areas with minimal elevation change. The style transfer effec-
tively reproduces this morphology, resulting in a smooth height
distribution along the constrained path while maintaining the
original layout of the input.

In all cases, the neural style transfer process successfully
integrates the morphological characteristics of the selected
real terrain into the user-defined input. This demonstrates the
flexibility and adaptability of our approach.

To complement the qualitative evaluation, we render the
final heightmaps in a 3D environment (Figure 5). This post-
processing step was implemented in Unity, applying a color
gradient from blue to white based on elevation values, where

blue tones represent lower altitudes and white indicates the
highest peaks. The rendering provides a realistic visual rep-
resentation of the terrain, enabling an intuitive assessment
of its morphology and improving the understanding of how
the proposed method performs when integrated into real-time
visualization or game engines.

A. Evaluation Metrics

As this is a work-in-progress contribution, the current eval-
uation relies on SSIM and optimization loss, which already
provide meaningful insights into the quality of the generated
terrains. In subsequent stages of the research, the evaluation
will be extended to include qualitative visual assessments of
strokes and morphological details, computational cost analysis
in terms of efficiency and processing time, and diversity
studies by generating multiple variations under identical con-
straints.

Among the current quantitative metrics, we employ the
Structural Similarity Index Measure (SSIM) to compare the
generated heightmap with the corresponding real-world terrain
used as style. SSIM is particularly functional in this context, as
it captures structural correspondence and perceptual similarity,
providing an objective measure of how closely the synthetic
terrain preserves the key spatial patterns of the real sample.

The final optimization loss reported in Table I is obtained
from the total loss function used during neural style transfer,
which combines three terms: the content loss (Equation 1),
the style loss (Equation 2), and the total variation loss (Equa-
tion 3). The content loss measures the difference between
high-level feature maps extracted from the content image (the
noise-based heightmap) and the generated image, specifically
from the conv_5_2 layer of VGG-19, capturing the large-
scale structure of the terrain. The style loss, computed from
Gram matrices of selected convolutional layers, quantifies
differences in fine-grained patterns and textures between the
style image (real terrain) and the generated output. Finally, the
total variation loss acts as a regularizer, encouraging spatial
smoothness and reducing artifacts in the output image. Where
r is the noise-generated heightmap, ¢ is the real terrain image,
and o is the generated output at each iteration.
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The final optimization objective combines three compo-
nents: content loss, style loss, and total variation loss, weighted
respectively by «, 3, and ~. These parameters are tuned
individually for each terrain type to ensure optimal transfer
quality.
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(a) Case 1 — user-defined constraints
(style)

(d) Case 2 — shape-based input
(style)

(g) Case 3 — path-based input

(b) Case 1 — Real Ridge terrain

(e) Case 2 — Real Valley terrain

(h) Case 3 — Real Plain terrain

(f) Case 2 — final result

(i) Case 3 — final result

Fig. 4. Figure 4. Results overview for the three experimental cases: ridge, plain, and valley terrains, with a 2000-iteration loop. Each row corresponds to one
case: user-provided input, real-world terrain used as style, and the final result after neural style transfer.

The resulting final loss values (40 for Ridge, 70 for Valley,
and 50 for Plain) are not intended to be minimized in absolute
terms, but rather balanced to preserve user-defined constraints
while effectively transferring morphological patterns from the
style image. When interpreted alongside SSIM, these values
confirm the trade-off between constraint preservation and style
fidelity that is central to our method. In this context, higher
SSIM values indicate a stronger preservation of structural
patterns from the reference terrain, reflecting greater mor-
phological fidelity. For example, the Plain case achieves the
highest SSIM (0.881), showing excellent consistency with the
real terrain despite a moderate loss value. Conversely, the
Valley case reports the lowest SSIM (0.795), suggesting that

while constraints are respected, some fine-grained details are
harder to retain. This analysis reinforces that SSIM provides
meaningful evidence of the effectiveness of our approach, with
higher values denoting more successful morphology transfer.

TABLE 1
SSIM MEASURES THE STRUCTURAL SIMILARITY BETWEEN THE
GENERATED AND STYLE IMAGES. FINAL LOSS CORRESPONDS TO THE
WEIGHTED SUM OF THE COMPONENTS DESCRIBED IN SECTION IV.

Case / Terrain SSIM  Final Loss

Case 1 — Ridge  0.842 40
Case 2 — Valley  0.795 70
Case 3 — Plain 0.881 50




Fig. 5. 3D rendering of the generated terrain with the lambda-shaped
constraint. A color gradient shows elevation, from blue (low) to red (high),
highlighting the integration of natural features with the user-defined shape.

VI. CONCLUSION

This work presented a PTG method that integrates user-
defined constraints with the morphological realism of neural
style transfer. The approach combines the flexibility of design-
based methods with the fidelity of Al-based models, generating
realistic terrains that respect input constraints.

Results show visually coherent terrains across multiple
geomorphologies, with high SSIM values and low loss scores,
confirming both the effectiveness of style transfer and the
stability of the optimization. A key contribution is the use of a
genetic algorithm (GA) as an initial stage to automatically tune
content and style weights, reducing manual effort and enabling
consistent adaptation to different terrain types. This integration
of constraint-based noise, neural refinement, and evolutionary
optimization reinforces the originality of the approach.

The method accelerates terrain generation and supports
procedural level creation while preserving constraints, with
applications in game development and virtual simulations.
Although not yet real-time due to computational costs, future
optimizations may enable this capability. Current limitations
include the absence of broader comparisons and benchmarks;
future work will address these through additional metrics such
as computational cost, qualitative evaluation, and diversity

analysis.
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