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Figure 1: Our neural-based framework, TreeON, can be used to reconstruct coherent point clouds for the trees in a real dataset given an
orthophoto and a Digital Surface Model (DSM).

Abstract
We present TreeON, a novel neural-based framework for reconstructing detailed 3D tree point clouds from sparse top-down
geodata, using only a single orthophoto and its corresponding Digital Surface Model (DSM). Our method introduces a new
training supervision strategy that combines both geometric supervision and a differentiable shadow and silhouette loss to
learn point cloud representations of trees without requiring species labels, procedural rules, detailed terrestrial reconstruction
data, or ground laser scan data. To address the lack of ground truth data, we generate a synthetic dataset of point clouds
from procedurally modeled trees and train our network on it. Quantitative and qualitative experiments demonstrate better
reconstruction quality and coverage compared to existing methods, as well as strong generalization to real-world data, leading
to visually appealing and structurally plausible tree point cloud representations that can be integrated into interactive digital
3D maps. The codebase, synthetic dataset, and pretrained model are publicly available at https://angelikigram.
github.io/treeON/.
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datasets remain limited or region-specific in natural environments.
In rural areas, digital 3D maps are therefore mostly generated from
aerial imagery, including orthophotos combined with Digital Sur-
face Models (DSMs; raster heightmaps encoding terrain elevation
and above-ground objects such as vegetation and buildings).. As
a result, rural 3D maps are, in fact, often limited to a 2.5D sur-

1. Introduction

Digital 3D maps are widely used to communicate spatial and en-
vironmental information, offering intuitive and immersive repre-
sentations of real landscapes [She05]. Unlike urban settings, where 
terrestrial scans [BFGS06] or multi-view photogrammetry [SSS06] 
are often used to generate detailed 3D models, high-resolution
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face representation, which lacks detail in close-up oblique views.
This limitation is most evident for vegetation, where fine struc-
tural detail is lost (see Figure 1 left) , which is perceived as non-
appealing [GEL*25].

We hypothesize that much of the missing 3D information for
vegetation, especially for isolated trees, can be inferred from the
currently available 2.5D inputs. This would enable lightweight
yet visually appealing reconstructions without requiring additional
data collection. Such an approach could address a key design
dilemma: how can we create tree models that are both visually
compelling and computationally lightweight, and hence scalable
enough for large outdoor environments, and effective in data-sparse
conditions?

This hypothesis is motivated by findings from studies in vir-
tual environments, which show that trees with distinctive shapes
not only improve perceived realism but also facilitate orientation
and wayfinding, particularly when they serve as recognizable land-
marks [JNP21]. Just as buildings and monuments serve as key ref-
erence points in urban navigation, trees can provide essential visual
anchors in natural terrain. Although simplified vegetation can still
serve as landmarks, prior work shows that users strongly prefer the
visual appeal of more detailed models and perceive them as more
reliable for navigation [GEL*25].

Prior methods for vegetation reconstruction have relied on data-
rich techniques involving dense LiDAR point clouds [XGC07;
DLL*19], multi-view terrestrial or aerial imagery [SRDT01;
INJN19; YLX*21; HLZ*17], photogrammetry and remote sensing
approaches [CCD*19], or biologically-inspired procedural mod-
eling based on species-specific rules [XM15]. While these ap-
proaches can produce structurally detailed results, they tend to be
computationally expensive, difficult to scale, and reliant on special-
ized data collection. Consequently, they are ill-suited for wide-area
deployment in natural landscapes, where acquiring such detailed
datasets is often infeasible. This motivates the need for lightweight,
scalable solutions that can generate realistic vegetation models
from standard geodata sources alone.

An ideal method for large-scale rural maps should satisfy several
requirements: (1) high visual appeal in close-up oblique views, (2)
computational efficiency for large-scale deployment (particularly
for rendering), (3) structural plausibility for different tree types,
and (4) automation without the need for additional input data, like
species information, photographs, or user sketches. These require-
ments reveal why existing methods fall short: some achieve realism
but are inefficient or data-hungry, while others are lightweight yet
lack plausibility.

To fill this gap, we propose a novel approach that reconstructs
visually plausible 3D tree point clouds from sparse geodata by ex-
ploiting multiple complementary cues present in DSMs and or-
thophotos. These cues include canopy shape, overall height, and
height-to-width ratio from the DSM, as well as canopy texture and
shadows from the orthophoto. Our pipeline constructs a 3D point
cloud representation of each tree from a single orthophoto and its
corresponding DSM. We adopt a point cloud output as a prag-
matic, generator-agnostic representation for large-scale 3D map-
ping, avoiding inference of parameters tied to a specific procedural

model, while still allowing higher-level structure to be recovered
from the point cloud when needed (TreeStructor [ZLB*25]).

Our method integrates geometric and visual cues via a PointNet-
style terrain encoder and a CNN-based orthophoto encoder, with a
neural decoder predicting occupancy at arbitrary 3D query points.
The training process is supervised through five complementary loss
terms: a binary cross-entropy loss to enforce structural plausibility,
a color consistency loss to match orthophoto appearance, and three
differentiable perceptual losses [ZIE*18] that supervise alignment
with observed shadows, and top and side view silhouettes. This
multi-modal supervision enables the model to infer plausible and
expressive tree shapes, yielding realistic reconstructions in envi-
ronments where more detailed 3D data is unavailable. In summary,
our work makes three main contributions:

1. A synthetic dataset of procedurally generated trees with paired
orthophotos and DSMs,

2. A network architecture for reconstructing detailed 3D tree point
clouds from sparse top-down geospatial data, and

3. A training supervision strategy that combines occupancy pre-
diction with shadow- and silhouette-based losses.

In addition, we demonstrate through quantitative and qualitative
evaluation that, with these contributions, our approach fulfills the
requirements of realistic and visually appealing tree reconstruction
better than alternative architectures and supervision strategies.

2. Related Work

Modeling realistic trees has been central to both computer graphics
and remote sensing. Traditional methods often depend on dense 3D
terrestrial laser scans to extract explicit branch skeletons and gener-
ate foliage-rich models [XGC07]. However, such data are typically
unavailable in remote or rural areas, where only orthophotos and el-
evation models exist. These methods satisfy structural plausibility
and visual appeal, but fail scalability and automation due to costly
data acquisition.

To overcome the need for rich input data, researchers have ex-
plored multi-view image reconstructions, including volumetric and
point cloud assemblies [SRDT01; BNB13], and sketch-based tech-
niques requiring user guidance [TZW*07]. Argudo et al. [ACA16]
developed a single-image method to infer plausible structure, but
it struggles under significant occlusion. All these approaches ei-
ther rely on multi-view imagery or human intervention, limiting
scalability to large, sparsely mapped landscapes. Thus, while they
improve realism, they fall short in efficiency and automation.

Procedural generation synthesizes tree forms from parametric or
stochastic growth models [YWH22], which can be inverted from
visual cues [SPK*14] or placed into landscapes using vegetation
classification from aerial images [ACC*18; GSF*24]. However,
such classification is often inaccurate or unreliable from aerial data
alone [QLH*23; HOM*24]. As a result, these methods may gener-
ate highly detailed but biologically implausible tree models, which
risks creating unfounded trust in the reconstructions despite low re-
alism. While valuable for producing training data and large-scale
vegetation, their realism often depends on species-specific tem-
plates or predefined rules, limiting flexibility compared to data-
driven reconstruction. In terms of requirements, procedural models
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3. Overview

Our method integrates synthetic data generation, multi-modal neu-
ral networks, tailored supervision, and postprocessing for accurate
3D tree reconstruction. We generate a training dataset with aligned
DSMs, orthophotos, and ground-truth colored point clouds from
procedural trees. These inputs are encoded by image and point
cloud backbones and decoded into occupancy and per-point color.
Supervision combines geometric, photometric, and projection-
based losses, while postprocessing densifies and renders the final
reconstructions.

3.1. Synthetic Training Dataset Generation Pipeline

Whilst our method relies on a multi-modal supervision, such paired
data is rarely available in real-world settings. Therefore, we con-
struct a diverse synthetic dataset tailored for our 3D tree recon-
struction. Each training instance includes three aligned modalities:
a colored point cloud representing a 3D tree (Figure 2), a Digital
Surface Model (DSM), and a top-down orthophoto.

(a) (b) (c) (d)

Figure 2: Tree generation pipeline starting from (a) procedural
mesh: sampled colored point cloud (b), artificial DSM point cloud
(visualized as surface with interior points) (c) and orthophoto (d).

Tree Generation Our tree generation pipeline begins with a pro-
cedurally generated tree mesh created using Blender’s Grove add-
on [The25] (Figure 2 (a)), although other modeling tools could
be used. Each tree mesh contains inline vertex colors, which en-
code species-specific bark and crown appearance. For training, we
require point clouds that are compact enough for efficient learn-
ing yet still representative of detailed tree geometry and color. We
therefore apply Poisson-disk sampling [Bri07] to the mesh vertices,
which yields uniformly distributed samples across the crown and
trunk. This reduces each mesh to approximately K ≈ 6,000 points,
which we found to be a good trade-off between geometric fidelity
and computational efficiency. Larger values of K increased memory
usage without improving reconstruction quality, while smaller val-
ues reduced structural coverage. The resulting colored point cloud
serves as the ground truth target in training (Figure 2 (b)).

Orthophoto and DSM Rendering For each synthetic tree, we aim
to replicate the data modalities commonly available from aerial
imagery and airborne LiDAR. Therefore, we render orthophotos
and DSMs from the detailed tree mesh (Figure 2 (a)). As illus-
trated in Figure 3, we generate data by rendering the processed
3D mesh in Blender from a controlled top-down view. For realism,
trees are placed on terrain patches sampled from high-resolution

are efficient a n d a u tomated, b u t o f ten l a ck s t ructural plausibility 
and visual appeal without species priors.

A few works have addressed tree reconstruction using min-
imal geospatial input data. Earlier approaches include Mayr et 
al. [MM99], who fitted e l lipsoidal p r imitives t o  D S M d a ta to 
model isolated rural and leafless u r ban t r ees, a n d H i rschmugl et 
al. [HORS07], who combined DSM-based height peaks with spec-
tral cues from orthophotos for tree detection. More recently, Gram-
matikaki et al. [GEL*25] proposed a fully automatic pipeline that 
models landmark trees directly from DSM and orthophotos, pro-
ducing varying levels of detail. Though insightful, these approaches 
either approximate trees with coarse shapes or detect trees rather 
than reconstructing full per-tree structures. They therefore only par-
tially meet structural plausibility and do not provide the visual ap-
peal required for landmark-level detail.

In response to these limitations, general single-view re-
construction and view-synthesis methods, such as NeRF-
Diff [GTL*23] and EscherNet [KLL*24], as well as re-
cent text- and image-conditioned generative models for object-
and scene-level 3D synthesis [WXC*25], including DreamFu-
sion [PJBM22], Magic3D [LGT*23], ProlificDreamer [WLW*23], 
Zero123++ [SCZ*23], 3DTopia-XL [CTD*25], and TREL-
LIS [XLX*25], address related 3D inference problems but assume 
perspective imagery and object- or scene-centric priors, making 
them unsuitable for geospatial reconstruction from top-down or-
thophotos and DSMs.

Recent years have seen the rise of neural network-driven veg-
etation modeling methods that directly target tree and forest re-
construction. DeepTrees [ZLB*23] models tree growth using sit-
uated latent representations that capture spatial and structural de-
pendencies during a biologically inspired generative process. Fo-
liager [TB25] procedurally generates forest scenes from natural 
language and ecological data, combining AI planning with scien-
tific g rowth r ules. I n p arallel, n eural r adiance fi eld (NeRF)-based 
methods have been adapted to vegetation [HTC23]. They aim to 
reconstruct individual canopies from sparse aerial views, though 
the results often remain noisy and miss fine b r anching detail. 
Diffusion-based pipelines, such as Tree-D Fusion [LLB*24a] and 
SVDTree [LLB*24b], produce high-fidelity b ranch-leaf structures 
from a single image by leveraging learned semantic voxel encod-
ings and generative priors.

In contrast, TreeStructor [ZLB*25] introduces a retrieval-and-
ranking approach that assembles forest reconstructions from a li-
brary of neural components. While these approaches significantly 
advance the realism of tree modeling, they often require multi-view 
imagery, genus-level priors, or dense semantic cues-factors that are 
unavailable in our single-view, label-free geospatial setting, and, in 
the case of species classification, unreliable [FLS*16]. While these 
methods strongly address realism and plausibility, they typically 
require multi-view inputs, species priors, or dense semantic cues, 
limiting their scalability and automation from sparse rural geodata.

In contrast, our work addresses this gap by reconstructing spa-
tially explicit 3D tree forms from minimal geospatial input, aiming 
to satisfy all four requirements simultaneously: visual appeal, effi-
ciency, structural plausibility, and automation, without relying on 
semantic labels, species priors, or dense image coverage.

© 2026 The Authors.
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DEMs, ensuring diverse contexts such as flatland, hilly, or forested
areas. Locations were selected such that terrain features (e.g., val-
leys, clearings) support plausible vegetation growth, while regions
with unsuitable land cover (e.g., water bodies, snow) were avoided.
To avoid shadow mismatches during supervision, any visible sur-
rounding vegetation is removed using an inpainting neural net-
work [YFF*23]. In some scenes, we placed additional synthetic
trees around the central target tree to create more realistic orthopho-
tos with surrounding vegetation. A top-down orthographic camera
is then positioned directly above the target tree, aligned along the
Z axis, and centered at the tree’s bounding box origin. The or-
thographic scale is fixed by the camera height, centering the tree
crown while including surrounding terrain for context. We sample
ten light directions per tree to diversify shadow cues during train-
ing. Azimuth angles are drawn from [0◦,360◦), while elevation an-
gles are restricted to [40◦,70◦], consistent with typical orthophoto
acquisitions around mid-day in summer, yet providing sufficient
variation for robust shadow supervision.

The orthophotos are rendered at a configurable resolution con-
sistent with aerial imagery standards. These images simulate top-
down remote sensing captures (e.g., aerial photography or satel-
lite imagery). For each condition, the orthographic top-down cam-
era renders the tree together with its cast shadow on the ground
plane. Shadows are generated in Blender’s Cycles renderer with
a directional light source, where the sun’s angular diameter α ∼
U(0.5,10) controls the penumbra size, producing both hard and
soft shadows. Shadow masks encode occlusion intensity (0 =
fully shadowed, 1 = illuminated), with Gaussian noise, channel
variations, and clipping applied for realism following Morales et
al. [MHT19]. The resulting orthophotos thus capture naturalistic
shadow transitions and crown textures under varying illumination.
For each rendered orthophoto, the corresponding sun direction vec-

Orthographic
Camera

Light
Direction

Tree
Mesh

DSM Orthophoto

Figure 3: Orthophoto and DSM generation from a top-down or-
thographic camera. Orthophotos include trees and shadows under
directional lighting, while DSMs DSM (visualized as a surface for
illustration) are derived from per-pixel depth. Sun positions vary in
azimuth and elevation.

tor is also recorded and stored in a metadata file. This allows us to
consistently reproduce shadows under the same lighting setup dur-
ing supervision.

To produce the DSM, we emulate a LiDAR-like surface scan-
ning process. Specifically, we extract the Z-buffer from the same
orthographic camera view and convert per-pixel depth values into
real-world elevation. This is done by subtracting the depth from
the camera’s world-space height, resulting in a per-pixel heightmap
that captures the vertical profile of all visible geometry. The
heightmap is normalized by subtracting the local ground elevation
and scaling heights to the unit range [0,1], ensuring consistent DSM
encoding while preserving relative crown geometry. Each DSM ef-
fectively represents the tree’s canopy shape and elevation in image
form, matching the modality of publicly available DSMs. The res-
olution of the DSM rendering is configurable and reported for each
dataset in Section 4.

For use in the network, we back-project DSM pixels into 3D,
yielding a point cloud representation. This preserves sharp height
discontinuities and explicit 3D geometry, and aligns naturally with
point-based encoding and occupancy supervision at arbitrary 3D
query locations. We sample uniformly within the DSM volume un-
til reaching about K ≈ 6,000 points per tree to obtain a fixed-size
and stable PointNet input. Fewer points led to unstable gradients,
while larger sets increased memory and computation without mea-
surable performance gains.

3.2. Network Architecture

The model processes three inputs: an RGB orthophoto of size 3×
224×224, a DSM-based point cloud of shape K×3, and a set of N
3D query points sampled within a unit cube [0,1]3 (see Figure 4).
We fix K ≈ 6,000 points, following the voxel-based downsampling
in our synthetic dataset (Section 3.1). The number of query points
is set to N = 25,000, which we found sufficient to balance coverage
of inside/outside regions with computational tractability. For each
query point, the model predicts whether it lies inside or outside
the tree surface, while also estimating per-point RGB appearance.
This implicit formulation avoids using a fixed voxel grid and allows
for continuous shape reconstruction. To ensure supervision across
both occupied and free-space regions, query points are sampled to
balance inside/outside labels rather than concentrating only near
the DSM surface.

The orthophoto is encoded using a ResNet-18 [HZRS16] back-
bone pre-trained on ImageNet. Intermediate features are pooled and
passed through a projection head with batch normalization [IS15]
and LeakyReLU activation [Maa13], yielding a 1024-dimensional
image embedding normalized via ℓ2 norm. Simultaneously, the
DSM input represented as a sparse 3D point cloud is encoded us-
ing a PointNet-style [QSMG17] architecture with 1D convolutions
(64, 128, 1024 channels), batch normalization, and LeakyReLU
activations. The resulting per-point features are aggregated via
max-pooling into another 1024-dimensional latent vector, also ℓ2-
normalized. This design leverages the strengths of each encoder:
ResNet extracts texture and shadow cues from 2D orthophotos,
while PointNet captures the unordered 3D structure of DSM point
clouds, aligning with the occupancy formulation. Then, the im-
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Figure 4: Overview of the network architecture and training supervision (green).

prove surface fidelity in human reconstruction tasks [DCZ*24], and
progressive refinement was proposed for occupancy prediction in
diffusion-style decoders [WWT*24].

(a) (b) (c)

Figure 5: (a) Ground-truth tree, (b) reconstruction without refine-
ment, and (c) reconstruction with refinement.

The final outputs of the model are the refined occupancy logits
over the query points and per-point RGB color predictions. This
architecture supports end-to-end learning of both geometry and
appearance, conditioned on visual input and terrain structure. An
overview is shown in Figure 4.

3.3. Supervision Strategy

We employ a combination of point-level, color, and projec-
tion losses to jointly supervise geometry and appearance. Point-
level losses enforce correct occupancy at sampled 3D coordi-
nates, while a color loss supervises the predicted per-point RGB
values. Projection-based supervision uses differentiable shadow
and silhouette rendering, complemented with a perceptual LPIPS
loss [ZIE*18] on the silhouettes to capture structural differences
beyond pixel-level matching.

age and point cloud embeddings are concatenated into a 2048-
dimensional latent representation. The fused image–DSM latent 
is injected into every decoder layer together with Fourier-encoded 
query points, conditioning local occupancy predictions on global 
context.

Each 3D query point is passed through a Fourier positional 
encoder [TSM*20] with 25 frequency bands, producing a 153-
dimensional representation. Both the global latent vector from the 
image and point cloud encoders and the Fourier-encoded query 
points are then provided as inputs to the occupancy decoder, where 
they are combined internally, yielding an effective per-point input 
size of 2201. The occupancy decoder is a deep multilayer percep-
tron with six fully connected layers, each incorporating Layer Nor-
malization [BKH16], dropout [SHK*14], LeakyReLU activation, 
and residual connections [HZRS16]. It branches into two output 
heads: one predicts a scalar occupancy logit for each query point, 
and the other predicts a 3-channel RGB color vector by combining 
the learned features with the original Fourier-encoded input.

During initial experiments, we observed that the coarse MLP 
decoder tended to produce overly smooth occupancy transitions 
at the tree surface, failing to capture crisp details such as fine-
branch boundaries (see Figure 5). To address this, we integrated 
a lightweight refinement m odule: t hree s mall r esidual M LP layers 
that compute a corrective delta added to the coarse occupancy log-
its. This module acts as a local corrector: it reduces false positives 
and negatives near the surface boundary and recovers fine-scale ge-
ometric details that may be lost in the coarse prediction, while keep-
ing the main decoder compact. We refine o nly g eometry s ince the 
main bottleneck is surface sharpness, while color already benefits 
from dense per-point supervision and does not suffer from the same 
over-smoothing problem. Similar architectures have been adopted 
in related contexts, e.g., attention-based refinement modules im-
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We supervise the model at the point level using a binary cross-
entropy (BCE) loss Locc, a standard choice for implicit occupancy
networks [MON*19; PNM*20]. This loss penalizes discrepancies
between predicted occupancy logits and ground-truth labels, guid-
ing the network to distinguish occupied (inside) from free-space
(outside) points. To obtain ground-truth occupancy labels for this
loss, first, we compute the distance to the nearest neighbor in the
reference point cloud. Points closer than a threshold to a ground-
truth sample are then labeled as occupied (1), while all others are
labeled as free space (0). Given the flat structure of leaves and the
thinness of branches, tree meshes typically lack significant volume,
making this a reasonable approximation. Additionally, we super-
vise the predicted color of each point with a standard L2 loss.

While BCE is widely adopted in prior point cloud and implicit
surface reconstruction methods, our contribution lies in extending
this supervision with novel projection-based constraints. Specif-
ically, we introduce differentiable shadow and silhouette projec-
tions to regularize tree structure in ways not captured by point-level
occupancy alone. For shadow supervision, the occupancy values
of query points are projected into the top-down orthophoto plane
through a soft differentiable renderer [LLCL19], yielding a shadow
that encodes the 3D shape along the illumination direction. The
shadow loss Lshadow compares using LPIPS the predicted shadow
against a ground-truth shadow rendered under the same lighting di-
rection as the orthophoto. This encourages alignment with the real
shadow observed in the top-down imagery. For silhouettes, projec-
tions are generated from five canonical viewpoints (0◦, 45◦, 90◦,
135◦, and top view) to constrain the global crown outline across
viewpoints, independent of lighting. The silhouette loss Lsilh con-
strains the global structure by aligning the predicted and ground-
truth projections using the LPIPS loss.

The final training loss Ltotal is defined as a weighted sum of these
four components:

Ltotal = λoccLocc +λcolLcol +λshLsh +λsilhLsilh. (1)

where Locc is the occupancy loss, Lcol is the color loss, and Lsilh
is the silhouette loss. The weights λocc,λcol,λsh,λsilh control the
relative influence of each term. In our experiments, we use λocc =
0.14, λcol = 0.71, λsh = 0.07, and λsilh = 0.08, since we found
them to produce the best trade-off between detail, smoothness, and
structural plausibility. These combined losses guide the model to
produce reconstructions that are not only geometrically accurate
but also visually consistent with natural shadows and silhouettes.

3.4. Postprocessing and Rendering

While during training, we query random points within the volume,
at inference time, we only output a set of points inside the tree
surface. We achieve this by ranking all query points by their pre-
dicted occupancy probability and retaining the top-K points (high-
est logits after sigmoid). This yields a compact fixed-size recon-
struction aligned with the ground-truth size (K ≈ 6,000), while dis-
carding low-confidence points. This step is non-differentiable and
used only for visualization and downstream evaluation. Note that
while thresholding on occupancy might be an alternative, it pro-
duces highly variable point counts across trees. Our approach, on

the other hand, ensures consistent reconstructions and fair compar-
isons.

Additionally, to improve visual density while preserving pre-
dicted colors, we upsample the sparse set of occupied points. This
is done by discretizing the point cloud into a volumetric representa-
tion via a voxel grid and then randomly resampling the volume at a
higher density. Both the resampling density and the number of vox-
els are dynamically derived from the reconstructed tree’s volume,
computed via a convex-hull approximation of the original point
cloud. This ensures that larger trees receive more points, yielding
reconstructions that are both scale-aware and visually consistent.
During upsampling, the original Color attribute is propagated:
new points inherit interpolated colors from their nearest neighbors
in the original set. This preserves the canopy’s spatially coherent
texture while adapting the point density to the tree’s size.

For rendering, each point is visualized as a shaded sphere with
its assigned radius and color, producing a dense and natural appear-
ance that conveys both the reconstructed geometry and its authentic
tonal variation. Surface normals used for shading are estimated via
local PCA on the upsampled point cloud. Finally, although higher
tree density increases ambiguity from top-down inputs, TreeON re-
constructs trees individually and composes them into full scenes
(Figure 1) using the pipeline of Grammatikaki et al. [GEL*25],
which ensures correct scaling, placement, and terrain alignment.

4. Experiments

We evaluate our method on both synthetic and real-world datasets,
using quantitative and qualitative analyses to assess reconstruction
accuracy, completeness, and generalization.

4.1. Datasets

We generated 3,000 synthetic tree models spanning 17 species
(Beech, Oak, Birch, Hornbeam, Alder, Aspen, Poplar, Ash, Lin-
den, Elm, Maple, Field Maple, Plane Tree, Fir, Austrian Pine, Scots
Pine, and Stone Pine) with proportions based on alpine forestry
data [Fed23]: approximately 60% conifers and 40% deciduous
species. An overview of representative species is shown in Figure 6.
To simulate diverse environments, each tree is placed on one of 12
sampled terrain patches covering 3× 3km. From each terrain, we
crop a localized 30×30m region centered on the tree, ensuring that
the tree is embedded in a realistic but computationally tractable en-
vironment.

Figure 6: Examples of tree species (coniferous and deciduous) gen-
erated from Grove, shown as 3D point clouds.

Orthophotos are rendered at a resolution consistent with aerial
imagery standards (30 cm/pixel in the Austrian dataset, equivalent
to Zoom Level 19 in the basemap.at WMTS service [bas25]), while
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DSMs are normalized to 8-bit grayscale images, where black corre-
sponds to ground level and white to the tree apex. To ensure realis-
tic sampling density, DSMs are rendered at 1-meter resolution, con-
sistent with BEV’s Open Data Austria height models [Off25]. Each
DSM is then back-projected into a point cloud of about K ≈ 6,000
points per tree, matching the ground-truth point cloud size for con-
sistency.

To test generalization, we use a dataset of Austrian landmark
trees [Gra24], which contains isolated trees with orthophotos,
DSMs, and photographs but no 3D ground truth, restricting eval-
uation to qualitative comparisons. Additionally, we validate our
reconstructions against data from the French National Institute of
Geographic and Forest Information (IGN) [IGN25], including or-
thophotos (20 cm/pixel), dense LiDAR point clouds (≥ 10 pts/m2),
and derived elevation models (DSMs and DTMs). In selected Pyre-
nees regions, isolated trees were identifiable in both orthophotos
and point clouds.

4.2. Implementation Details

We train our model for 700 epochs using the Adam optimizer with
an initial learning rate of 10−2 and a batch size of 16. A learning
rate scheduler ReduceLROnPlateau halves the learning rate
if the validation loss does not improve for 20 epochs. The train-
ing/validation split follows an 85/15 ratio over the 2,500 training
trees, ensuring no overlap of tree instances between sets. The re-
maining 500 trees are held out for testing, including ablation stud-
ies and baseline comparisons. All models are trained on a single
NVIDIA GeForce RTX 3070 GPU with 8 GB memory, requiring
about 24 hours for 700 epochs. Inference on a single tree takes
about 0.3 seconds.

4.3. Evaluation Protocol

Our evaluation follows the four requirements defined in Section
1. Structural plausibility is measured quantitatively through Cham-
fer Distance (CD), Normalized Chamfer Distance (NCD), and F1-
Score, which capture geometric accuracy and completeness. Visual
appeal is evaluated qualitatively via comparisons to baselines and
real imagery, since perceptual realism cannot be fully captured by
metrics alone. Automation is demonstrated by the fully automatic
pipeline requiring no species priors or multi-view input. Finally,
computational efficiency is measured through training cost, infer-
ence speed, and scalability across thousands of trees.

Chamfer Distance (CD) is a widely used metric in 3D shape re-
construction that quantifies the geometric error between p redicted
and ground-truth point clouds [FSG17; MON*19]. Given the pre-
dicted, P, and the ground truth, Q, point clouds, the CD is computed
as:

CD(P,Q) =
1
|P| ∑

x∈P
min
y∈Q

∥x− y∥2
2 +

1
|Q| ∑

y∈Q
min
x∈P

∥y− x∥2
2. (2)

To enable fair comparison across trees of different sizes, we nor-
malize CD by the cube root of the ground-truth tree volume v,
yielding the Normalized Chamfer Distance (NCD) [LBB*23]:

NCD(P,Q) =
CD(P,Q)

v2/3
. (3)

Here, v1/3 provides a characteristic length scale of the tree (with
units of meters), and v2/3 has units of m2. Dividing CD (m2) by
v2/3 (m2) produces a unitless NCD. Like CD, NCD takes values
≥ 0, with lower values indicating higher geometric accuracy.

To evaluate both reconstruction accuracy and completeness, we
use the F1-Score, which combines precision and recall within a
fixed distance threshold ε [ALL25; SJS06]. In our evaluation, ε

ranges between 0.02 and 0.04m, depending on the tree size and
sampling density. The threshold is tied to the scale of the query
point sampling and the dataset’s spatial resolution, and is config-
urable: smaller values enforce stricter matching, while larger values
tolerate greater deviation. The metrics are computed as:

Precision =
|{x ∈ P : miny∈Q ∥x− y∥< ε}|

|P| , (4)

Recall =
|{y ∈ Q : minx∈P ∥y− x∥< ε}|

|Q| , (5)

F1-Score =
2 ·Precision ·Recall
Precision+Recall

. (6)

Precision, Recall, and F1-Score each range from 0 to 1, with higher
values indicating better alignment. A score of 1 indicates that all
predicted points match ground-truth points within ε, and vice versa.

To quantify output diversity in the context of multi-sample re-
construction, we employ the Coverage Score (COV) [ADMG18;
ZMM*22]. Let {Pi} denote a set of predicted point clouds and
{Q j} the ground-truth set. COV is computed as the fraction of
unique ground-truth shapes that are closest (under CD) to at least
one prediction:

COV =
|{Q j : ∃i such that Q j = argmin j CD(Pi,Q j)}|

|{Q j}|
(7)

COV values also range from 0 to 1, with higher values indicating
that predictions cover a larger fraction of the ground-truth shape
space. A value of 1 means that every ground-truth shape is matched
by at least one prediction, while lower values indicate mode col-
lapse or limited diversity.

Finally, to additionally assess appearance fidelity, we report the
CIEDE2000 color difference (∆E00) [MLCM19], a perceptual
metric that quantifies color discrepancies between predicted and
ground-truth reconstructions. ∆E00 values correspond to percep-
tual thresholds: values below 1 are imperceptible to the human eye,
values of 2–3 are perceptible upon close observation, while values
above 5 are clearly visible differences [LCR01].

5. Results

We report quantitative and qualitative results. First, we analyze the
impact of input modalities and supervision in an ablation study.
We then assess generalization on Austrian landmark trees and IGN
LiDAR data. Finally, we compare our method against state-of-the-
art baselines retrained on our dataset.

Since CD averages squared Euclidean distances, its unit is m2 when 
coordinates are expressed in meters. CD values are non-negative,
with smaller values indicating closer alignment between prediction 
and ground truth.

© 2026 The Authors.
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DSM Orthophoto DSM + Orthophoto

Losses CD ↓ NCD ↓ F1 ↑ COV ↑ ∆E00 ↓ CD ↓ NCD ↓ F1 ↑ COV ↑ ∆E00 ↓ CD ↓ NCD ↓ F1 ↑ COV ↑ ∆E00 ↓

Shadow 2.1964 0.4850 0.1335 38.7% 10.18 1.9938 0.4484 0.1835 25.4% 9.20 2.0699 0.4550 0.1885 25.8% 8.08
Silhouettes 2.1046 0.4624 0.1510 35.6% 8.84 1.9328 0.4566 0.1428 32.3% 7.81 2.1061 0.4446 0.1641 35.7% 7.59
Shadow + Silh. 2.2125 0.4410 0.2174 30.2% 8.83 1.5358 0.3723 0.2239 35.9% 7.06 1.9371 0.4531 0.2969 30.9% 8.77
BCE 1.3553 0.2789 0.7488 70.5% 8.77 1.3750 0.3427 0.5208 50.6% 8.25 1.3096 0.2765 0.8010 65.7% 8.15
BCE + Shadow 1.2277 0.2618 0.7372 65.4% 8.76 1.4297 0.3108 0.5879 60.2% 8.34 1.1738 0.2688 0.8201 75.8% 7.97
BCE + Silh. 1.1104 0.2446 0.8569 75.2% 8.05 1.4585 0.3200 0.5301 50.8% 7.19 1.0754 0.2456 0.8728 78.6% 8.83
Mixed 0.9994 0.2296 0.8958 85.9% 8.75 1.3371 0.2913 0.6376 70.4% 6.91 0.9699 0.2239 0.8846 90.7% 8.23

Table 1: Ablation study across loss functions and input modalities. Each cell reports Chamfer Distance (CD in m), Normalized CD, F1
Score, Coverage Score (COV in %), and Mean ∆E00 color error (∆E00). Arrows (↓/↑) indicate whether lower or higher values are better.

DSM Orthophoto BCE Shadow Silhouettes Shadow+Silh. BCE+Shadow BCE+Silh. BCE+Shadow+Silh.
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Table 2: Qualitative ablation study of different loss functions (columns) and input modalities (rows). Left: DSM and orthophoto inputs with
target photo. Right: Rows show reconstructions from DSM, orthophoto, or both inputs, while columns compare supervision strategies.

5.1. Ablation Study

Table 1 presents an ablation study evaluating performance across
four key metrics: Chamfer Distance (CD), Normalized Chamfer
Distance (NCD), F1-Score (F1), and Coverage (COV) over differ-
ent input modalities and loss combinations. Specifically, we evalu-
ate models trained on (1) DSM only, (2) orthophoto only, and (3)
both modalities, each under five supervision regimes: (i) BCE only,
(ii) BCE + shadow, (iii) BCE + silhouette, (iv) shadow + silhouette,
and (v) BCE + shadow + silhouette.

Quantitative The results presented in Table 1 reveal several im-
portant insights into the impact of loss functions and input modal-
ities on tree shape reconstruction performance. Among all con-
figurations, the mixed supervision with DSM and Orthophoto in-
put stands out as the most effective approach, achieving the low-
est Chamfer Distance (CD = 0.9699), the highest F1 Score (F1 =
0.8846), and the most complete reconstructions in terms of Cover-
age (COV = 90.7%).

An interesting trend emerges when comparing supervision types.
Loss functions based solely on shadows or silhouettes perform the
worst across all input configurations. For instance, using only the
shadow loss with DSM input yields a CD of 2.1964 and a mea-
ger F1 of 0.1335, indicating a high degree of geometric error and
almost no structural correctness. This shows that shadows or sil-
houettes in isolation lack sufficient signal to guide accurate recon-
struction, particularly when they are not paired with 3D-aware or

pixel-wise losses, as projection-based cues alone under-constrain
depth and allow multiple degenerate 3D solutions.

In contrast, introducing BCE supervision — despite its simplic-
ity — results in a large performance jump. On DSM input alone,
BCE improves CD by nearly 1 meter (from 2.2125 to 1.3553) and
increases F1 from 0.2174 to 0.7488. This effect is consistent across
all modalities, underscoring BCE’s importance in guiding point-
level precision. Adding shadow or silhouette supervision on top of
BCE further improves results modestly in most cases, especially
in terms of Coverage, suggesting that these additional losses help
regularize and fill out the reconstructed shape.

Between the two types of projection losses, silhouettes gener-
ally prove more beneficial than shadows: they align directly with
canopy contours and provide a stable global constraint, whereas
shadows vary with lighting direction and length, making them less
reliable. For DSM or mixed inputs, silhouettes consistently lead
to more complete reconstructions and higher F1 scores. The only
exception is with orthophoto input, where BCE and shadow su-
pervision slightly outperforms BCE and silhouette, suggesting that
in image-based settings, shadows can provide complementary cues
that silhouettes alone may not capture.

Overall, the mixed supervision setting with DSM and Or-
thophoto input demonstrates the value of combining all avail-
able cues: DSM provides geometric structure, orthophotos sup-
ply texture and appearance, BCE ensures point-level accuracy, and
shadow/silhouette losses add shape variety. This combination not

© 2026 The Authors.
Computer Graphics Forum published by Eurographics and John Wiley & Sons Ltd.



Grammatikaki et al. / TreeON: Reconstructing 3D Tree Point Clouds from Orthophotos and Heightmaps 9 of 14

Typical Reconstructions Difficult Cases

DSM Orthophoto Target Output DSM Orthophoto Target Output

1 1

2 2

3 3

4 4

5 5

Table 3: Qualitative comparison of reconstructed landmark trees against target photograph of the real tree. Left column: reconstructions.
Right column: difficult cases: (1) DSM underestimates tree size, (2) orthophotos are cluttered by neighboring trees, (3) shadows are weak or
missing, and (4) dead tree in the orthophoto. In each case, the model compensates by leveraging the complementary input signal. (5) Failure
case: DSM shape and weak ortho cues mislead the model into reconstructing a conifer instead of the deciduous target.

5.2. Results on Austrian Landmark Trees

Individual tree instances (orthophoto and DSM patches) are ex-
tracted from large scenes using the automatic segmentation and
localization pipeline of Grammatikaki et al. [Gra24], ensuring con-
sistent centering and scale across inputs. To understand how the
model generalizes to real world data we validated our approach us-
ing the dataset of landmark trees in Austria [Gra24].

Qualitative evaluation In Table 3 each row corresponds to a
single tree instance. From left to right, we display the DSM and
orthophoto inputs used for reconstruction, a real-world photograph
of the corresponding tree, and a rendering of the predicted 3D point
cloud.

Despite the sparse input data, our model is able to reconstruct 3D
tree shapes that match key morphological traits observed in the tar-
get photos-such as tree height, crown size, and overall silhouette.
In addition, we observe substantial variation in the reconstructed
shapes, which reflects natural diversity across species (e.g., conifer-
ous vs. deciduous forms). This suggests that the model generalizes
well, even in the absence of species labels or multi-view supervi-
sion.

An important strength of our approach is its ability to remain re-
liable when one of the input signals is degraded. Table 3 illustrates
three such cases (1, 2, and 3) in the right column. In case 1, the
DSM underestimates tree size, but the orthophoto compensates. In

only improves per-sample accuracy but also reduces mode collapse, 
leading to the highest COV scores (90.7%) by covering a larger 
fraction of the ground-truth shape space. The synergies between 
these modalities and losses are critical, and future work could ex-
plore how to further enhance such fusion, possibly with learned 
weighting strategies or attention-based mechanisms that adaptively 
prioritize each signal.

A further dimension of the ablation is provided by the color er-
ror (∆E00). As expected, orthophoto input improves color fidelity 
compared to DSM-only training, with the lowest error observed 
when using orthophotos with mixed supervision (6.91). In contrast, 
DSM-only runs consistently exhibit higher color errors (≥ 8.75), 
reflecting t he l ack o f s pectral i nformation i n e levation d ata. Over-
all, ∆E00 values range between 6.91 and 10.18 across experiments, 
indicating that while reconstructions capture broad color trends, 
visible deviations remain due to projection mismatches between 
orthophoto colors and 3D geometry, as well as smoothing effects 
in the learned color representation.

Qualitative To better understand how different inputs and super-
vision signals affect reconstruction quality, we conducted a quali-
tative ablation study shown in Table 2. The previously discussed 
trends, including the impact of individual inputs and the benefits of 
combining supervision signals, are visually evident in the table.

© 2026 The Authors.
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Inputs Ground Truth Networks
DSM Orthophoto OpenLRM Zero123++ TRELLIS TMNet AtlasNet 3DTopia-XL DPMs PUGeoNet RepKPU Ours

[HZG*24] [SCZ*23] [XLX*25] [PHC*19] [GFK*18] [CTD*25] [LH21] [QHKH20] [RZX*24]

Table 4: Visual comparison across baseline models with our approach.

case 2, cluttered orthophotos are resolved by relying on the DSM,
and in case 3, weak shadows in the orthophoto are balanced by
the DSM structure, yielding coherent reconstructions in all cases.
These examples confirm that the dual-input design allows the net-
work to adaptively rely on the most reliable signal, ensuring robust
results even when individual inputs are imperfect.

Quantitative evaluation Table 5 reports image-based quantita-
tive metrics for the landmark trees in Table 3. Silhouette IoU mea-
sures crown geometry agreement, while normalized CIELAB color
error [Kim97] and LPIPS assess appearance consistency. Typical
cases achieve higher IoU and lower appearance error, while dif-
ficult cases degrade when input cues are misleading (cases 4–5).
Case 2 reflects near-ideal DSM and orthophoto cues, while case 4
corresponds to a dead tree with ambiguous geometry and weak ap-
pearance signals, explaining the best and worst performance.

Typical Reconstructions Difficult Cases

IoU ↑ Color ↓ LPIPS ↓ IoU ↑ Color ↓ LPIPS ↓

1 0.755 0.177 0.302 1 0.753 0.149 0.252
2 0.841 0.132 0.212 2 0.735 0.160 0.323
3 0.804 0.239 0.273 3 0.808 0.171 0.267
4 0.759 0.152 0.298 4 0.470 0.317 0.475
5 0.809 0.179 0.266 5 0.568 0.272 0.381

Mean 0.794 0.176 0.270 Mean 0.667 0.214 0.340

Table 5: Quantitative evaluation for the landmark trees shown in
Table 3. Row indices correspond to Table 3. Each cell reports IoU,
normalized Color Error (CIELAB), and LPIPS. Arrows (↓/↑) indi-
cate whether lower or higher values are better.

5.3. Comparison to State-of-the-Art Models

Table 4 and table 6 compare our method with representa-
tive baselines from four categories: single-view reconstruc-
tion networks (AtlasNet [GFK*18], TMNet [PHC*19],
Zero123++ [SCZ*23]), point-based upsampling networks
(PUGeoNet [QHKH20], RepKPU [RZX*24]), generative 3D
models, including diffusion-based approaches (Diffusion PC

(DPMs) [LH21], 3DTopia-XL [CTD*25]) and rectified-flow-based
models (TRELLIS [XLX*25]), and large reconstruction models
(OpenLRM [HZG*24]). We selected point-based upsampling
methods (PUGeoNet, RepKPU) because they represent a natural
baseline for refining sparse 3D inputs such as DSMs; single-view
reconstruction networks (AtlasNet, TMNet, Zero123++), as they
aim to infer full geometry from a single projected input, analo-
gous to our orthophoto setting; generative 3D models, including
diffusion-based models (DPMs, 3DTopia-XL) and rectified-flow-
based models (TRELLIS), as they have recently emerged as a
strong paradigm for unconditional or weakly conditioned 3D
generation; and large reconstruction models (OpenLRM) that
assume multi-view calibrated imagery but represent the current
frontier in scaling 3D reconstruction. Together, these categories
span the main strategies that could, in principle, be adapted to
reconstruct tree geometry from our DSM and orthophoto inputs.

Most of these baselines were not originally developed for DSM
or orthophotography data. Instead, they were originally designed
for object-centric benchmarks, such as ShapeNet, or synthetic point
cloud datasets, where the goal is to reconstruct rigid CAD-like
objects from multi-view RGB images with known camera intrin-
sics. AtlasNet and TMNet are optimized for mesh generation and
deformation from single-view images, while Zero123++ performs
single-view view synthesis.; PUGeoNet and RepKPU target point
cloud upsampling on synthetic shapes; diffusion-based models fo-
cus on unconditional or multi-view 3D generation, while rectified-
flow-based models use a different flow-based generative paradigm;
and large models such as OpenLRM assume multi-view imagery
and camera calibration. None of these assumptions holds in our
setting, where input comes from top-down orthophotos and DSMs
of irregular tree crowns.

To ensure fairness, we retrain all baselines from scratch on our
dataset using the same DSM and orthophoto inputs; for methods
assuming calibrated or multi-view cameras (e.g., OpenLRM), we
use replicated top-down orthophotos with a nadir-view camera.
Nonetheless, their architectural priors remain poorly aligned with
our domain: tree crowns are highly irregular, lack rigid symmetries,
and cannot be observed from side or front views. As a result, re-
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constructions often oversimplify canopy geometry, introduce noise,
or miss structural details such as trunks. Qualitatively (Table 4),
single-modality baselines (DSM or orthophoto only) produce bi-
ased reconstructions, either oversimplifying or missing crown de-
tails. Single-view image-based reconstruction and view-synthesis
models (AtlasNet, TMNet, Zero123++) reduce Chamfer Distance
but oversmooth the canopy, while point-based upsampling meth-
ods (PUGeoNet, RepKPU) generate noisy or fragmented shapes,
reflected in negligible F1 scores. Generative models (Diffusion PC,
3DTopia-XL, TRELLIS) achieve low Chamfer Distance (1.148,
1.351, and 1.412) but suffer from unstable structure and poor cov-
erage (32.8%, 24.4%, and 33.3%). OpenLRM achieves very high
coverage (75.8%) but almost zero F1, showing that while outputs
are diverse, they lack geometric consistency; this is expected, as
OpenLRM assumes calibrated multi-view side and front imagery,
which is incompatible with our top-down DSM-orthophoto inputs.
In contrast, our approach achieves the best balance (Table 6): low
CD (0.969), the lowest NCD (0.224), and the highest F1 (0.884),
while maintaining strong coverage (90.7%). This demonstrates that
our model captures sharper crowns and more coherent geometry,
aligning closely with ground truth.

Method CD ↓ NCD ↓ F1 ↑ COV ↑

OpenLRM 10.604 0.735 0.001 75.8%
Zero123++ 3.474 0.354 0.006 17.3%
TMNet 1.436 0.338 0.016 47.6%
AtlasNet 2.031 0.310 0.204 85.2%
3DTopia-XL 1.351 0.301 0.212 24.4%
Diffusion PC 1.148 0.277 0.353 32.8%
TRELLIS 1.412 0.327 0.124 33.3%
PUGeoNet 5.759 0.330 0.002 35.2%
RepKPU 1.828 0.968 0.038 31.9%
Ours 0.969 0.224 0.884 90.7%

DSM Orthophoto LiDAR Ours

1

2

Table 7: Qualitative comparison of our reconstructions with IGN
LiDAR and orthophoto data in the French Pyrenees. Point cloud
density from aerial LiDAR is 37 and 25 pts/m2, respectively.

requirements in the tens of MB range. In contrast, TreeON per-
forms end-to-end reconstruction and directly predicts a compact
6k-point colored point cloud at mapping-relevant resolution, rather
than relying on a staged classification–procedural pipeline. As both
approaches rely on the same Grove-generated source meshes, sub-
sampling effects are already reflected in Table 1, enabling a fair
comparison at mapping-relevant resolution.

6. Limitations

A key limitation of our approach, as with any supervised ML
method, is its dependence on the quality and representativeness of
the training data. In our case, synthetic meshes define which ge-
ometric structures the model can learn to reconstruct. If certain
species, sizes, or crown shapes are underrepresented, the model
may be biased toward more common patterns and struggle with
rare or unseen structures. An instance of this limitation is the sea-
sonal bias in our dataset: Most samples are drawn from summer
orthophotos, which expose the model mainly to trees with full fo-
liage under consistent lighting conditions. This reduces robustness
to other seasonal appearances, such as leafless winter trees or dead
trees (a reconstruction example is shown in Table 3, case 4 on the
right), snow cover, or different vegetation stages, that are rarely
included in the training data. While our current dataset does not
account for this, seasonal variability could in principle be simu-
lated directly in our training pipeline and learned by the model.
Exploring such synthetic augmentation would be an interesting di-
rection for future work, enabling the model to handle leafless or
snow-covered trees.

Another challenge is the difficulty of quantitatively assessing
generalizability to real-world data. While we provide qualitative
examples and landmark tree reconstructions, a systematic bench-
mark on real orthophotos and DSMs is challenging due to the lack
of high-quality paired ground truth. This underscores the motiva-
tion for using synthetic training data in the first place, but it also
indicates that evaluating domain transfer remains only partially ad-
dressed.

7. Conclusion

We introduced TreeON, a neural framework for reconstructing de-
tailed 3D tree point clouds from sparse geospatial inputs. DSMs

Table 6: Comparison of baseline models on our dataset.

5.4. Comparison with high-resolution LiDAR data

We further validate our reconstructions against IGN LiDAR scans 
from the Pyrenees. Table 7 shows that our outputs align well with 
the LiDAR shapes, capturing overall height and crown spread. 
While fine d e tails ( e .g., b r anching) d i ffer, t h e c o nsistency across 
modalities confirms that our method recovers realistic tree geome-
try from sparse geodata.

5.5. Computational Efficiency

In addition to accuracy and realism, our method achieves high com-
putational efficiency. A full pipeline run, including postprocessing, 
takes on average 0.3 s per tree on a single GPU. Each reconstructed 
tree requires only ∼0.2 MB of memory on disk, compared to tens 
of MBs for high-detailed meshes. This is an order of magnitude 
faster and lighter than the high-detail trees from Grammatikaki et 
al. [GEL*25], the only prior non-network method using the same 
DSM and orthophoto inputs to reconstruct trees, reported render 
times of up to 15 s per tree for 30M-triangle meshes and 
storage
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provide strong geometric cues, while orthophotos complement 
them with appearance and shadow information. Combining both 
modalities with occupancy, shadow, and silhouette supervision 
achieves higher reconstruction quality than single-image or upsam-
pling methods.

Where previous work typically fulfills only some requirements 
for rural 3D mapping: visual appeal, structural plausibility, effi-
ciency, and automation — our framework addresses all four si-
multaneously. This is enabled by three key ingredients: (1) the 
strong geometric foundation from DSMs enriched by orthophoto-
based appearance and shadow cues, (2) a multi-loss training strat-
egy combining occupancy, shadow, and silhouette supervision, and 
(3) a compact implicit representation that allows fast inference and 
lightweight outputs.

The method provides structurally plausible reconstructions on 
a large scale, with light inference times (0.3s per tree) and 
lightweight outputs (0.2MB). This combination of quality and ef-
ficiency makes it particularly well-suited for integration into digi-
tal 3D maps. It effectively bridges the gap between oversimplified 
2.5D surfaces and more data-rich, computationally intensive recon-
structions, prioritizing visual plausibility over biological fidelity.
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