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Figure 1: TreesFormer predicts parametric L-system grammars from DSM and orthophoto inputs, enabling structural smoothing, mesh

rendering, growth simulation, and seasonal foliage.

Abstract

We present TreesFormer, the first grammar-based framework for reconstructing hierarchical 3D tree structures directly from
sparse top-down geodata using only a single orthophoto and its corresponding Digital Surface Model (DSM). It employs a multi-
modal autoregressive transformer that predicts compact parametric L-system grammars from DSM point clouds and orthophoto
Seatures, jointly predicting symbolic structure and geometric parameters while enforcing grammar constraints during decoding.
To enable supervision in the absence of real-world grammar annotations, we introduce a synthetic multimodal dataset of proce-
durally generated trees with aligned aerial inputs and ground-truth L-system labels. Experiments show that DSMs drive overall
geometric accuracy and crown shape, while orthophoto conditioning improves structural regularity and branching depth; their
combination consistently outperforms either modality alone. The model generalizes to real-world Austrian and French aerial
data, producing interpretable branching structures suitable for large-scale rural 3D mapping. The codebase, synthetic dataset,
and pretrained model are publicly available at https://angelikigram.github.io/treesformer/.

CCS Concepts

» Computing methodologies — Neural networks; Mesh models; Reconstruction;

1. Introduction

Digital 3D maps have become a fundamental medium for rep-
resenting spatial environments in visualization, simulation, en-
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vironmental monitoring, and navigation [She05]. While urban
scenes are increasingly reconstructed using dense terrestrial Li-
DAR, structured light scanning, or large-scale multi-view image
pipelines [BFGS06; SSS06], natural landscapes are typically mod-
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eled from aerial observations alone. In practice, publicly available
rural datasets primarily consist of orthophotos and Digital Surface
Models (DSMs), capturing appearance and elevation from a top-
down perspective. Although sufficient for terrain reconstruction,
these modalities do not explicitly encode the hierarchical and topo-
logical structure of vegetation. Consequently, trees in large-scale
rural 3D maps are often approximated as height extrusions or bill-
board assets, resulting in limited realism in oblique views and re-
duced structural plausibility.

Vegetation reconstruction has traditionally relied on
data-intensive  approaches. High-resolution LiDAR acqui-
sition [XGCO07; DLL*19], multi-view terrestrial or aerial
imagery [SRDTO1; YLX*21], and detailed photogrammetric
workflows [CCD*19] can recover fine geometric detail and
branch-level structure, but require specialized sensors, extensive
acquisition campaigns, or controlled imaging conditions. Procedu-
ral modeling techniques based on botanical growth rules generate
structurally plausible trees, yet typically depend on manual param-
eter tuning, species priors, or handcrafted rule sets [XM15; PL90].
As aresult, a gap persists between scalable aerial data sources and
interpretable, structurally expressive representations of vegetation.

We argue that DSMs and orthophotos together provide sufficient
geometric and photometric cues to infer plausible branching topol-
ogy. DSMs encode canopy height and crown footprint, while or-
thophotos provide appearance and shadow cues that constrain 3D
structure; together they yield the strongest reconstructions. In this
work, we adopt a grammar-based formulation for tree reconstruc-
tion. Tree morphology exhibits recursive branching patterns that
can be compactly represented using parametric L-systems [PL90]
— symbolic representations that are interpretable, generative, ed-
itable, and memory-efficient, making them particularly suitable
for large-scale digital mapping. However, learning such sequences
from aerial observations requires (1) preserving syntactic validity,
(2) maintaining balanced branching structures, and (3) ensuring ge-
ometric consistency with observed elevation and appearance cues.

To address these challenges, we propose a multimodal autore-
gressive transformer that predicts parametric L-system grammars
conditioned on DSM point clouds and orthophotos. The architec-
ture integrates cross-attention mechanisms to align symbolic de-
coding with visual features, and employs a factorized decoder that
decouples token-type prediction from geometric parameter esti-
mation. Grammar-constrained decoding enforces syntactic validity
throughout generation, while an auxiliary geometric supervision
head grounds predicted sequences in explicit three-dimensional
spatial context. Since large-scale datasets pairing aerial imagery
with ground-truth grammar annotations do not exist, we construct
a synthetic benchmark of procedurally generated trees with aligned
aerial modalities and ground-truth L-system labels. The main con-
tributions of this work are:

1. The first method to infer parametric L-system grammars from
sparse top-down aerial data using a multimodal autoregressive
transformer with grammar-constrained decoding and auxiliary
geometric supervision.

2. A synthetic multimodal dataset of procedurally generated trees
with aligned DSMs, orthophotos, and ground-truth L-system an-

notations — the first to enable supervised grammar inference
directly from aerial observations.

3. A multi-objective supervision strategy for symbolic tree gram-
mar learning that jointly optimizes token classification, dis-
cretized geometric parameters, and geometric state consistency
for end-to-end training from aerial inputs.

The symbolic output further enables pruning, growth simulation,
and seasonal rendering without rerunning inference (Figure 1).

2. Related Work

Early reconstruction approaches relied on dense terrestrial laser
scanning to extract explicit branch skeletons and generate high-
fidelity structural models [XGCO07; DLL*19]. While such methods
achieve strong geometric accuracy, they depend on costly acqui-
sition campaigns and controlled conditions, making them unsuit-
able for large-scale rural environments. Multi-view image-based
techniques, including volumetric fusion and point cloud aggre-
gation from calibrated imagery [SRDTO1; BNB13], reduce sen-
sor requirements but still demand controlled multi-view capture.
TreePartNet [LGB*21] learns a neural cylindrical decomposition of
scanned point clouds to reconstruct branch geometry, but requires
dense input point clouds. Li et al. [LKK*21] reconstruct botanical
trees from single perspective photographs using a pipeline of three
neural networks that estimate species, semantic segmentation, and
a radial bounding volume used to parametrize a procedural growth
model; their method, however, requires species identification and
frontal perspective images, assumptions that do not hold in nadir
aerial settings. Sketch-based and image-guided methods further en-
able interactive modeling from sparse cues [TZW*07], though they
require user intervention and do not generalize to aerial observa-
tions. Our setting differs fundamentally: we reconstruct trees from
a nadir orthophoto and a DSM without species labels, multi-view
input, or dense terrestrial scans.

Procedural plant modeling synthesizes tree structures through
parametric or stochastic growth rules, often based on L-systems or
botanical simulations [YWH22; PL90]. Inverse procedural model-
ing recovers procedural parameters from existing geometric repre-
sentations. Stava et al. [SPK*14] propose a landmark method that
estimates parameters of a developmental tree model from polygo-
nal input using Monte Carlo Markov Chains, demonstrating that
procedural parameters can be inferred rather than manually de-
signed. However, their approach requires a full 3D geometric tree
as input and cannot operate from sparse aerial observations. Guo et
al. [GJB*20] learn L-system representations directly from 2D im-
ages of branching structures using deep learning, generating com-
pact textual rewriting rules from visual input. Their formulation is
conceptually close to ours in that it recovers symbolic L-system
descriptions from perceptual data, but it operates on orthographic
2D images of isolated branching patterns rather than aerial 2.5D
geospatial modalities. More recently, Lee et al. [LLB23] demon-
strate that a transformer can encode hierarchical L-string struc-
tures and generate 3D trees by learning distributions over L-system
strings from a large dataset of procedural models; this approach
is unconditional and does not infer grammars from visual obser-
vations. In contrast, our method conditions grammar prediction on
DSM point clouds and orthophotos, and must infer symbolic struc-
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ture from a single aerial view without any 3D geometric input or describing branching structure and growth geometry. Supervision is
explicit L-system supervision derived from visual parsing. enabled through a synthetic dataset of procedurally generated trees

. . with aligned aerial renderings and ground-truth L-system labels.
Several works have speci cally targeted reconstruction from 9 9 g Y

minimal aerial inputs. Mayr et al. [MM99] approximated iso-

lated trees with ellipsoidal primitives tted to DSM height data, 3.1. Synthetic Training Dataset Generation Pipeline
while Hirschmugl et al. [HORSO07] combined elevation peaks with
spectral orthophoto cues for tree detection and coarse modeling.
Grammatikaki et al. [GEL*25] proposed an automatic pipeline for
modeling landmark trees directly from DSMs and orthophotos.
TreeON [GEH*26] extended this to neural point cloud reconstruc-
tion from the same inputs, recovering dense geometry but with-
out explicit branching topology or the compactness, editability,
and hierarchical organization of a symbolic representation. Veg-
etation placement has been guided by aerial classi cation meth-
ods [ACC*18; GSF*24], though species-level classi cation from
aerial imagery alone remains unreliable [QLH*23; HOM*24], lim-
iting the applicability of species-conditioned procedural pipelines.
While these approaches reconstruct plausible tree geometry from
aerial inputs, none produce a compact symbolic representation that

is interpretable, editable, and directly compatible with grammar-

driven growth and disturbance modeling [PGG*24]. Our method

addresses this gap by inferring parametric L-system grammars

from the same aerial modalities. @) () © (d)

Since paired aerial data with ground-truth grammar annotations is
unavailable, we construct a synthetic dataset of procedurally gen-
erated trees with aligned DSMs, orthophotos, and L-system la-
bels. Point clouds serve as a uni ed 3D representation: DSM back-
projection naturally yields sparse 3D points preserving metric ele-
vation, while ground-truth geometry is sampled to match this rep-
resentation.

Recent neural approaches have advanced vegetation modFigure 2: Tree generation pipeline: (a) procedural mesh, (b) sam-
eling considerably. DeepTrees [ZLB*23] learns situated la- pled colored point cloud, (c) rendered DSM point cloud (visualized
tent representations that locally predict branch growth, while as surface with interior samples), and (d) orthophoto.

SVDTree [LLB*24b] and Tree-D Fusion [LLB*24a] leverage dif-

fusion priors to produce high- delity branch-leaf structures and

simulation-ready trees from single images. Foliager [TB25] fo- Tree, DSM, and Orthophotos Generation Following the syn-
cuses speci cally on foliage modeling, and TreeStructor [ZLB*25] thetic generation pipeline of Grammatikaki et al. [SEH*26], tree
assembles forest reconstructions via neural part retrieval. Beyondgeometries are created using the Grove add-on [The25], producing
vegetation-speci ¢ methods, diffusion-based and NeRF-based gen-botanically plausible branching structures with explicit hierarchical
eral 3D generation approaches [PJBM22; XLX*25; SCZ*23] learn topology (Figure 2). Poisson-disk sampling [Bri07] reduces each
powerful object-level generative priors that produce compelling meshtoK 2;000 points (Figure 2(b)). Orthophotos and DSMs are
geometry. However, all of these methods generally assume per-rendered from a top-down orthographic camera under ten sampled
spective imagery, multi-view inputs, semantic labels, or genus- light directions (azimuth U(0 ;360 ), elevation U(40 ;70))

level priors, and represent trees as surface meshes, volume elds0n terrain patches spanning at, hilly, and forested regions; DSMs
or point clouds rather than compact symbolic structures. Struc- are extracted from the Z-buffer, normalized to [0;1], and back-
tured program-based representations have been explored in ProcProjected into 3D point clouds sampled to K 2,000 points per
Gen3D [ZGLD25], which learns neural procedural graphs con- tree. The novel contribution of our pipeline is the extraction of
ditioned on visual observations, and 3D-GPT [SHD*24], which ground-truth L-system labels from the resulting branch hierarchies,
generates procedural descriptions from textual prompts via large described below.

language models. While these highlight the potential of neuro-

symbolic 3D generation, they operate in object-centric or language- L-System Reconstruction We derive a compact parametric L-

conditioned settings rather than from top-down aerial geodata. ~ System description from the branch hierarchy extracted from
each Grove-generated mesh, ensuring the model learns a species-

agnostic grammar formalism independent of any speci ¢ procedu-
ral engine and generalizing to real-world trees. Each tree is repre-
sented as a hierarchy of branches, where every branch consists of
an ordered sequence of 3D points forming a polyline (Figure 3a).
We convert this hierarchy into a parametric L-system of the form:

AlR(a;b;g) S; (N

where A is the axiom (root symbol initiating the derivation), S is
We learn a grammar-based 3D tree representation from aerial ob-the derived command string, F(I) moves the turtle cursor —a virtual
servations. Given an orthophoto and a corresponding DSM point pen that traces branch geometry by executing the grammar com-
cloud, our model autoregressively predicts a parametric L-system mands one step at a time — forward by length | producing a branch

In contrast to all prior work, our method predicts hierarchical
parametric L-system grammars from DSM point clouds and or-
thophotos without species labels, multi-view imagery, or terrestrial
acquisition — to our knowledge the rst approach to learn inverse
L-system grammar prediction from aerial geodata.

3. Overview
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preter over the simpli ed sequence to compute the absolute for-
ward direction @ = 0¢(0;0;1)” , where Q denotes the accumu-
lated orientation at timestep t, and convert it to spherical coordi-
nates ¢ = arccos(d;z), f t = atan2(d;y; dt:x), f t 2 [0;2p). Each ro-
tation—forward pair is then replaced by a compact token:

Boyox For; 2

where B and F are the direction and forward token symbols re-

@) (0) © %) f0;:::;N- 1g are discrete bin indices obtained by uniformly quan-
tizing g, f, and ~ into Ny, Ne, and N bins respectively. This
Figure 3: Transformation from hierarchical tree structure to the dis- representation also reduces sequence length by collapsing rota-
crete symbolic sequence used for training: (a) JSON hierarchy, (b) tion—forward pairs into single tokens, resulting in an average se-
continuous parametric L-system R(a;b;g); F(l), (c) simplied L-  quence length of 700 tokens per tree.
system, (d) discretized spherical tokeng,BF, .

3.2. Network Architecture

segment, and R(a; b; g) rotates its orientation. The symbols [and ] We propose a multimodal autoregressive transformer (Figure 4)
push and pop the cursor state to open and close side branches. Ththat generates discretized parametric L-system sequences con-
points p are the 3D positions visited by the cursor as it executes S. ditioned on aerial observations. The model predicts symbolic
branching structure and geometric growth parameters in a factor-
ized manner while enforcing syntactic validity through grammar-
constrained decoding.

For each consecutive segment;p+1 ), we compute its length
I =kpi+1 p ik and the minimal rotation aligning the current for-
ward direction with the normalized segment direction. The align-
ment rotation is derived from the rotation matrix mapping acanon-  The L-system vocabulary consists of ve token types
ical forward vector to the target direction and converted to Euler fF;[;];EOS;PADg. The token F represents a growth segment, [ and
angles (XYZ convention). Side branches are encoded using brackef] denote push and pop stack operations for branching, EOS marks
tokens inserted recursively to preserve hierarchy. To improve com- sequence termination, and PAD is used for xed-length window
pactness and numerical stability, we remove short segments, mergepadding. Each F token is associated with three discretized geomet-
nearly collinear segments, eliminate negligible rotations, and prune ric parameters and is represented as F(’;q;f), where " denotes a
branches below a minimum length threshold or with fewer than a forward length bin, g 2 [0;p] the polar angle bin, and f 2 [0; 2p]
minimum number of child segments, yielding a syntactically valid the azimuth angle bin. Angles are de ned in an absolute spherical
parametric L-system that faithfully approximates the branch hier- coordinate system; consequently, each predicted segment speci es
archy while remaining tractable for neural sequence modeling. an absolute 3D direction rather than an incremental rotation.

Token Budget Simpli cation Raw reconstructed sequences may Generation is conditioned on two input modalities: a normal-
contain tens of thousands of tokens, which is infeasible for autore- ized DSM point cloud and a corresponding orthophoto image. The
gressive transformer training due to quadratic memory complexity orthophoto is processed by a ResNet-18 backbone truncated be-
and long-range dependency accumulation. We therefore enforce dore the nal classi cation layer, producing a spatial feature map
maximum length of 1024 tokens per tree. As shown in Figure 3, an that is linearly projected to the transformer model dimension d
adaptive simpli cation pipeline merges consecutive forward com- and reshaped into a sequence of image tokens. The DSM point
mands, collapses repetitive rotation—forward chains, removes neg-cloud of N 3D points — represented in metric elevation space rather
ligible rotations, prunes short branches, and limits branching depth. than as a rasterized heightmap to preserve sharp height disconti-
If necessary, pruning thresholds are progressively relaxed until the nuities — is processed independently per point using a PointNet-
token budget is met. This preserves the trunk and primary branch- style [QSMG17] multilayer perceptron. The resulting per-point fea-
ing structure while discarding high-frequency geometric detail. tures are projected to dimension d and subsampled to a xed bot-
tleneck size to control memory complexity. The image tokens and
DSM tokens are concatenated to form a uni ed visual memory
matrix M 2 R™ 9 : which remains xed during decoding as the
key—value memory for cross-attention.

Absolute Spherical Re-Parameterization The simplied L-
system represents growth as incremental rotations R(a;b;g) fol-
lowed by forward commands F(I). Although spherical direc-
tions could be computed directly from branch polylines, we re-
parameterize after simpli cation because geometry-aware opera- Sequence generation follows teacher-forced autoregressive train-
tions (e.g., collinearity merging, rotation pruning, branch Itering) ing. At timestep t, the decoder receives embeddings of previously
are more naturally expressed in incremental rotation space, andgenerated tokens (shifted right during training). Each input embed-
early discretization would introduce quantization artifacts. More- ding consists of a learned token-type embedding combined with
over, incremental rotations accumulate numerical noise and in- learned embeddings of associated geometric value bins when appli-
duce long-range dependencies during autoregressive modeling; oucable. The backbone decoder comprises L transformer layers with
re-parameterization to absolute spherical coordinates eliminatescausal self-attention and feed-forward networks. Self-attention em-
this accumulation entirely. We therefore simulate the turtle inter- ploys key—value caching for ef cient autoregressive inference, and
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Figure 4: Overall architecture of the multimodal L-system generator. A multimodal visual encoder conditions an autoregressive backbone
decoder factorized into a structural branch for token prediction and a parameter branch for geometric prediction, with supervision (green).

positional information is encoded using Rotary Position Embed- are assigned 1 prior to softmax. Additional runtime constraints
dings (RoPE), applied directly to query and key vectors within the enforce balanced brackets, restrict maximum branch depth, prevent
attention mechanism. Cross-attention layers are interleaved withbranch closure before emitting a growth token, and allow EOS only
self-attention layers and applied in every second decoder layer. Inat root depth. These constraints are applied during both training-
these layers, decoder hidden states attend to the xed visual mem-time sampling and inference to guarantee syntactically valid L-
ory M, enabling multimodal conditioning while controlling com-  system sequences.

putational cost.

Let hPackboney pd denote the backbone hidden representation 3.3. Supervision Strategy

at timestep t. To decouple symbolic grammar prediction from ge- 1y4ining uses teacher forcing over xed-length windows of 700 to-
ometric parameter prediction, this representation is factorized into ans et W denote valid (non-PAD) timesteps and W/ the

two branches. The structural branch rst projecfé4f°°"eto a re- subset where the ground-truth token is F.

duced dimensionality and processes it through a lightweight de-

coder composed solely of causal self-attention layers. This branch _ Token classi cation At each t 2 W, the structural decoder pre-
produces structural feature§H® used for token-type prediction. dicts a distribution over the token vocabulary. This loss drives learn-

) o - _ing of symbolic tree structure — branching, growth, and termination
Geometric parameter prediction is conditioned on both multi- _ wjth grammar masking applied before softmax to ensure invalid
modal grounding ‘and structural context. Speci cally, the param- transitions carry no probability massi & ﬁétzw CEGk; w):
eter branch receives the concatenation of the backbone repre-

sentation and a detached version of the structural featbyes, Parameter classi cation At each t 2 W, three independent
Proj [hPackbonesiongrad(§™)] ; where the stop-gradient oper- ~ classi ers predict discretized length °, polar angle g, and azimuth
ation prevents parameter supervision from in uencing structural f. This enforces geometric correctness independently of token-type
learning. The projected representation is normalized and fed into learning, preventing parameter errors from corrupting structural
three independent linear classi ers that predict length bin logits, gradients: lg = ﬁétZWF CE(t; 1)+ CE(ar; ar) + CE(ft:fy)

polar angle bin logits, and azimuth angle bin logits. Soft angle supervision At each t 2 W, an L1 loss on soft-

In addition to symbolic and geometric predictions, the model expected bin valueg = &;i softmax(:); penalizes angular error
produces a 9D geometric state vector directly frd?ﬁcl‘PO”? com- proportionally to its magnitude, complementing the discrete cross-
prising the current 3D position and the two basis vectors of the entropy in Lg: La= ﬁétgwp jar q tj+dg(fe;ft) ; where d
cursor's local coordinate frame (branch growth direction and its denotes circular distance over azimuth bins.
perpendicular axis), from which the full orientation is recoverable.
This auxiliary prediction grounds the decoder in explicit 3D spatial
context by supervising the position component directly.

Geometric state supervision The model predicts a 9D turtle
state comprising 3D position, 3D growth direction, and a 3D per-
pendicular axis at each timestep; the position component is super-

During decoding, token logits are masked using a xed gram- vised directly via MSE while the orientation axes provide auxil-
mar transition matrix M 2 f0;1g¥ "V : where invalid transitions iary structural context to the decoder. This counteracts the recursive
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