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Abstract—This paper presents an initial exploration on the
use of 2D cellular automata (CA) for generating 3D terrains
through a simple yet effective additive approach. By exper-
imenting with multiple CA transition rules, this preliminary
investigation yielded aesthetically interesting landscapes, hinting
at the technique’s potential applicability for real-time terrain
generation in games.

Index Terms—procedural content generation, PCG, computer
games, game development

I. INTRODUCTION

Procedural generation of 3D landscapes and terrains is an
important aspect of game development, allowing for unique
and expansive environments while fostering replayability.
Notwithstanding issues with unpredictability and possibly
incoherent gameplay experiences that may require extensive
testing, procedural terrain generation also has the potential to
optimize resource utilization, reducing storage needs and costs.

In this paper we present an initial exploration on the use of
2D cellular automata (CA) for the purpose of generating 3D
terrains. The proposed method is deceptively simple, yet—
to the best of our knowledge—novel and able to produce
aesthetically interesting landscapes.

The paper is organized as follows. In Section II, we some
background of previous work in this field. In Section III, the
proposed novel CA terrain generation method is described.
Results, discussion, and limitations follow in Section IV.
Finally, in Section V, we draw some conclusions and outline
future work.

II. BACKGROUND

Heightmap-based methods are commonly used for terrain
generation, where greyscale textures represent elevation data.
These heightmaps can be manually crafted or procedurally
generated using noise functions (e.g., Perlin noise [1]) or
algorithms like Diamond-Square [2]. While procedural meth-
ods automate terrain creation and require less effort, they
often produce uniformly random or mountainous terrains with-
out the varied features found in natural environments. Such
algorithms, although efficient, generally limit user control
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over the final terrain characteristics, necessitating direct mesh
modifications for customization.

In turn, CA are discrete, abstract computational systems
characterized by a regular grid of cells, each in one of a
finite number of states, which evolve in discrete time steps
according to a set of rules based on the states of neighboring
cells [3]. They have been previously used for terrain generation
in games, namely caves in 2D maps [4], levels for real-time
strategy games [5], or natural-looking generic 2D game maps
[6], among others.

III. METHODS

The method proposed in this paper is very simple, yet
effective. A grid of ones and zeros is randomly initialized
with 50% probability for each value, representing the initial
state a 2D CA lattice. The CA then evolves according to a
specified transition rule [3], up to a predefined number of
iterations, imax. The states of the CA during this process are
added together, resulting in a heightmap with values between
0 and imax, as shown in Fig. 1. The initial state, if in fact
initialized randomly, can often be discarded to avoid too many
irregularities in the generated heightmap. The final step of
this process consists of normalizing the heightmap according
to a specific height, hmax. This process is summarized in
Algorithm 1.

Algorithm 1: Heightmap generation with 2D CA.

1 Initialize CA grid (e.g., with random noise)
2 Initialize heightmap to zeros
3 for i “ 1 to imax do
4 Apply selected CA transition rule
5 Add current CA grid state to heightmap
6 end
7 Normalize heightmap to r0, hmaxs

The CA transition rules tested in this work are described in
Table I. A majority rule—the first one listed in the table—is
very simple: if a given cell has N or more live neighbors in a
Moore neighborhood of radius r, then it lives on to the next
generation; otherwise, it does not [3]. In turn, the Caves rule is
well known within games PCG games research, having been
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Fig. 1: Creating a heightmap by adding sequential CA iterations. In this example, iterations 1 to 4 of a toroidal CA evolved
with the Diamoeba rule (see Table I) are added, generating the heightmap on the right. The initial state (i “ 0), usually
composed of random noise, can be discarded to avoid irregularities in the final heightmap, as done in this example.

TABLE I: CA transition rules tested in this work.

Rule Description

Majority rN Cell survives if n ě N , is born if n ě N .
Caves rN Cell survives if n ě N ´ 1, is born if n ě N .
Diamoeba Cell survives if n ě 5, is born if n P t3, 5, 6, 7, 8u.
Coral Cell survives if n ě 4, is born if n “ 3.
Note: The Moore neighborhood radius is denoted by r (set to 1 by default), while
n represents the number of live neighbors. In the descriptions, survive means the
cell will continue to live if already alive, while being born indicates that the cell
will become alive when it was previously dead.

proposed by Johnson et al. for the purpose of generating 2D
cave levels in real time [4]. It is a slightly tweaked majority
rule, in which a cell is able to survive (i.e., considering it is
already alive) by having one less live neighbor than what it
requires for being born (i.e., if it is dead). The Diamoeba
rule has a gap in the neighbor interval required for cell
birth, forming large diamonds with unpredictable boundaries
when observed in its 2D domain [7]. Finally, the Coral rule
further limits when a cell is born, leading to slow growth and
producing a coral-like texture when viewed in 2D. These rules
assume a Moore neighborhood, with parameterizable radius r
in the case of the Majority and Caves rules, and radius set to
one (r “ 1) for the Diamoeba and Coral rules.

An implementation of these methods is available in the
anonymous package Game AI Prototypes package [8], devel-
oped in the Unity game engine [9]. In particular, heightmaps
were set with a resolution of 129ˆ129 (which also corresponds
to the CA dimensions). Therefore, the various hmax values
presented consist of a percentage of 129. For the purpose of
counting neighbors, the CA grid is considered toroidal.

IV. RESULTS, DISCUSSION, AND LIMITATIONS

Fig. 2 shows several terrains generated with Algorithm 1 us-
ing various CA rules after the specified amounts of iterations.
As can be observed, Majority rules are able to produce con-
trasting types of terrain depending on their parameterization.
For r “ 1, terrain starts off highly irregular (i “ 3), smoothing
out after several iterations, and stabilizing at i “ 20. While
at i “ 5 and i “ 10, results are somewhat similar to bumpy
terrain with boulders, for i “ 20 and above, the generated
landscape becomes essentially a flat surface with some soft
irregularities.

Increasing the Majority rule radius to 2, as shown in the
second row of Fig. 2, generates arguably more interesting
results. For i “ 5, the generated terrain is akin to an eroded
sedimentary landscape, with abrupt cliffs and several mesas.
In contrast, i “ 20 yields a more diverse landscape, mostly
composed of hills, but also having a few sharp cliffs. The
softening effect with increasing iterations is still present,
offering a consistent way of defining terrain abruptness.

The Majority rule still holds some surprises for r “ 4.
Setting the survival/birth threshold to N “ 38 yields an
landscape with irregular holes, potentially useful as a surface
for worn-out objects. Setting N “ 43 produces the opposite
effect, yielding irregular hills. Comparing it to the previous
case of r “ 2, it is possible to conclude that in this case the
main terrain features standout sooner (i.e., for lower i), while
maintaining their prominence and various minor irregularities
for longer (i.e., for higher i).

Results for the Caves rule are particularly interesting, as
they closely follow their 2D counterpart. The rule was tested
with r “ 2 and neighbor threshold N “ 13, with results shown
in the fifth row of Fig. 2. From a stacked 3D perspective,
the 2D caves become eroded landscapes, increasingly well-
defined during the iterative process. Contrary to the similarly
parameterized Majority rule (r “ 2, N “ 13), the eroded
landscape is cleaner and holds its shape for longer.

The chaotic Diamoeba rule is also able to produce natural-
looking landscapes. While terrains seem somewhat rugged for
i ă 50, the rule comes on its own for i ě 100, yielding
diverse surfaces with hills, canyons, mesas, as well as smaller
yet smooth features. Finally, the Coral rule appears to map its
2D output—coral-like features—onto the 3D domain. This is
particularly clear for i “ 200.

Fig. 3 shows additional results one can obtain with the
technique. Fig. 3a displays a Majority rule similar to what is
shown in the second row, rightmost column of Fig. 2 (r “ 2,
N “ 13, i “ 50). The difference is in the seed used for
generating the initial noise and the larger hmax, resulting
in a generally soft but distinct alien-looking landscape with
prominent features. Fig. 3b highlights a Majority rule with
r “ 4 with N “ 41, a compromise between the perforated
terrain of N “ 38 and irregular hills obtained with N “ 43,
producing a mix of mostly flat terrain with extrusive and well-
defined features. The landscape shown in Fig. 3c depicts a
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Fig. 2: Terrains generated with the CA rules described in Table I after i iterations. The initial state, generated with random
noise (seed “ 123) at i “ 0, is discarded. All heightmaps are normalized to the specified height (hmax), represented as a
percentage of the heightmap resolution, 129 ˆ 129—which also corresponds to the CA dimensions.
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Fig. 3: Additional experiments highlighting the potential of the proposed technique: (a) Majority, i “ 50, r “ 2, N “ 13,
hmax “ 12.5%, seed “ 700; (b) Majority, i “ 20, r “ 4, N “ 41, hmax “ 10%, seed “ 123; (c) Three layers of Caves added
together: i) i “ 3, r “ 1, N “ 5, hmax “ 0.5%, seed “ 123; ii) i “ 50, r “ 1, N “ 5, hmax “ 1.5%, seed “ 123; and,
iii) i “ 50, r “ 2, N “ 13, hmax “ 3%, seed “ 500; (d) Diamoeba, i “ 500, r “ 1, hmax “ 10%, seed “ 123; and, (e)
Diamoeba, i “ 50, r “ 1, hmax “ 10%, seed “ 700.

combination of three separate terrains added together. These
were generated with different parameterizations of the Caves
rule. The first two layers, defining the finer details of the
landscape, used r “ 1, N “ 5, and seed “ 123; the first
one is obtained from i “ 3 with a very small hmax, while
the second was collected with i “ 50 and normalized to a
larger height. The third layer, generated with r “ 2, N “ 5,
a different seed, and higher hmax than the previous two, sets
up the coarser aspects of the landscape. Finally, Fig. 3d and
Fig. 3e offer two additional perspectives on the Diamoeba rule:
the former is a stepper, further iterated version of the natural-
looking Diamoeba landscape already presented in Fig. 2 (row
before last, rightmost image), while the latter also increases
height but uses a different seed to produce a rocky-like terrain
with various features.

We believe the preliminary results presented here are in-
teresting in themselves, some with aesthetic pleasing features,
others doing an arguably good job of mimicking real world
landscapes or surfaces. However, these results barely scratch
the surface of what is possible with the proposed technique.
Among innumerable CA transition rules, only a few were
experimented with here, and all of them seeded with an initial
grid of random noise. Tweaking the initial probability of
live cells will surely yield distinct results, as well as using
predefined initial shapes, which some rules respond better to
in the 2D case [3]. As shown in the example of Fig. 3c,
combining together different heightmap generators—not only
CA generators, but also common ones such as Perlin noise—
holds the potential for further customization of the produced
landscapes. Finally, 2D CAs with small neighborhoods offer
good performance and can be GPU-parallelized [10], making
them suitable for real-time map and level generation [4].

This work presents some limitations nonetheless. Besides
only having experimented with some rules—it is an ex-
ploratory early work—no objective analysis or validation (in-
game or otherwise) has been performed. Analysis is limited
to subjective aesthetic considerations by the authors. Fur-
ther, the constructive nature of CAs may pose a challenge
in understanding how parameters influence the final output,
complicating control over specific gameplay features such
as playability or map connectivity. Consequently, achieving
desired game characteristics may require additional prepro-

cessing or iterative testing [11].

V. CONCLUSIONS AND FUTURE WORK

In this paper we presented a method for generating terrains
by adding sequential iterations of 2D CAs to a heightmap and
then normalizing it. Results are diverse and interesting from
an aesthetic point of view, although no objective analysis has
been performed given the preliminary nature of this work.
Besides performing such a validation in the future, we aim
to experiment with different rules, contrasting initial states
(e.g., rectangles or other shapes), and compare generation
times against those of other methods. Although still a work
in progress, we believe the proposed method has potential for
real-time generation of terrains, textures, and surfaces.
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