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 A B S T R A C T

The geometric evaluation of 3D reconstruction techniques, spanning from classical structure-from-motion 
(SfM) to contemporary neural implicit representations and Gaussian splatting, remains a challenge. In cultural 
heritage applications, the preservation of high-frequency surface details, such as tool marks, inscriptions and 
reliefs, is often of greater significance than global shape approximation. Traditional metrics, notably the 
Chamfer Distance (CD), are frequently inadequate as their reliance on global error averaging masks the loss 
of critical micro-topography. To address this, in this Shape Retrieval Challenge (SHREC) track we introduce 
a novel benchmarking framework comprising: (1) a controlled, procedurally generated synthetic dataset of 
Khachkar-inspired stone reliefs, fully reproducible; and (2) the Feature-Aware Chamfer Distance (FACD), a 
feature-aware distance function designed to prioritize structurally and significantly geometric features. Three 
teams each submitted one run, and the organizers contributed five baseline reconstructions, for a total of 
eight configurations evaluated under a common protocol. Our evaluation reveals that standard CD frequently 
misranks models by favoring global smoothness over detail preservation. By providing more archaeologically 
plausible assessments, our FACD reveals a persistent fidelity gap, showing that current state-of-the-art methods 
still lack the nuance required for feature optimization.
1. Introduction

The digitization of cultural heritage represents a critical race against 
physical degradation and environmental loss. High-fidelity ‘‘digital 
twins’’ serve as indispensable records for non-invasive archaeological 
analysis, restoration planning, and virtual museology. However, the 
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democratization of passive, image-based 3D capture has revealed a 
significant ‘‘fidelity gap’’: while recent advances in Neural Radiance 
Fields [1] (NeRF), 3D Gaussian Splatting [2] (3DGS), and transformer-
based architectures [3,4] have revolutionized photometric visual re-
alism, geometric topological precision has frequently lagged behind 
active-sensor technologies (e.g., laser scanners).
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data mining, AI training, and similar technologies. 
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This fidelity gap is exacerbated by a foundational flaw in how 3D 
reconstruction algorithms are evaluated. Standard geometric evaluation 
relies heavily on global spatial averages, such as the Chamfer Distance 
(CD), which inherently penalize outlier noise while heavily favoring 
smooth, interpolated surfaces. Consequently, algorithms are optimized 
for global topological completeness at the expense of preserving se-
mantically critical, high-frequency topography. Models that produce 
visually pleasing but geometrically ‘‘melted’’ meshes systematically 
outrank those that successfully capture intricate micro-topographies. 
This bias is catastrophic for heritage artifacts — such as inscribed steles 
or Khachkars — where the engravings and archaeological value are 
encoded precisely within these fine-scale reliefs.

This bias motivates our central research question: how can we quan-
titatively decouple the preservation of structural micro-geometry from 
global shape approximation to accurately benchmark 3D reconstruction 
models in heritage contexts.

To address this, we formalize the challenge as the SHREC 2026 
track on the retrieval of high-frequency geometry in synthetic heritage, 
establishing a coherent evaluation ecosystem. Organized since 2006 in 
conjunction with the Eurographics Symposium on 3D Object Retrieval, 
the 3D Shape Retrieval Challenge (SHREC) evaluates the effectiveness 
of 3D-shape retrieval and analysis algorithms on common benchmarks. 
This track followed the standard SHREC protocol: the organizers issued 
a call for participation, released the rendered image collection together 
with the ground-truth camera poses, and set a submission deadline 
for the reconstructed models. Each participating team contributed a 
description of its methods. Three teams each submitted one run, and 
the organizers contributed five baseline reconstructions using standard 
pipelines and recent transformer-based variants; all were evaluated 
centrally under a common protocol. The submissions are not ranked 
to determine a winner—they provide a diverse pool of reconstructions 
against which the ordering induced by CD and FACD can be compared. 
This ecosystem comprises three contributions:

1. Feature-Aware Distance function: We propose the Feature-
Aware Chamfer Distance (FACD), a novel evaluation criterion 
that computes vertex-specific criticality weights directly from 
local differential geometry (curvedness). By shifting from global 
averaging to intrinsic curvature-based weighting, the FACD math-
ematically penalizes the detail-erasure bias of traditional evalu-
ation criteria.

2. Controlled Micro-Topography Dataset: We introduce a fully 
reproducible, procedurally generated synthetic dataset of Kha-
chkar-inspired stone reliefs. By providing perfect ground truth 
independent of instrumental scanner noise, this dataset isolates 
algorithmic geometric extraction from real-world photometric 
confounders.

3. Comprehensive Algorithmic Benchmark: We evaluate eight 
diverse reconstruction configurations across our dataset. Our 
analysis disentangles the variables of evaluation design and 
algorithmic capability, showing that standard CD systematically 
misranks methods. We demonstrate that while traditional ex-
plicit pipelines (e.g., COLMAP) exhibit severe fragility (up to an 
11.1% failure rate on homogeneous stone), they often preserve 
sharp features better than highly-ranked implicit neural surfaces, 
a nuance captured exclusively by our FACD.

2. Related work

2.1. Evaluation benchmarks and datasets

The foundation of quantitative 3D reconstruction relies on bench-
marks that provide high-fidelity ground truth. However, as reconstruc-
tion methods have evolved, significant structural gaps have emerged 
regarding their applicability to cultural heritage.
2 
Early geometric-fidelity gold standards, such as DTU [5] and Tanks 
& Temples [6], rely on high-precision laser-scanned ground truths. 
Other traditional benchmarks leverage terrestrial LiDAR [7] or Struc-
tured Light Scanners [8] across macro environments (e.g., ETH3D [9]). 
While rigorous, these datasets primarily consist of industrial, archi-
tectural, or everyday objects and thus fail to capture the specific 
complexities of untextured materials and the high-frequency geome-
tries inherent to cultural artifacts. Conversely, synthetic datasets like 
BlendedMVS [10] offer perfect ground-truth geometry at scale, yet 
they lack realistic surface weathering, erosion patterns, and complex 
physical materiality.

Heritage-specific benchmarks have recently begun to emerge but 
remain limited in topological scope. Collaborative efforts such as 
NERFBK [11] and BaliMask3D [12] provide museum-quality objects 
with challenging sub-surface or reflective materials, yet they lack 
the varied, stress-testing geometries necessary to evaluate micro-relief 
structural variations. Broader initiatives like Culture3D [13] focus 
predominantly on large-scale landmark documentation via aerial drone 
imagery, leaving micro-level tool markings, inscriptions, and high-
frequency reliefs as an open challenge. The current absence of a 
standardized benchmark that simultaneously combines precise geomet-
ric ground truth, heritage-relevant micro-topographies and controlled 
material homogeneity actively hinders the targeted development of 
high-fidelity preservation algorithms.

2.2. Geometric evaluation

The standard evaluation of reconstruction quality currently bifur-
cates into photometric (image-based) and geometric (spatial) assess-
ment. While photometric quality is assessed via PSNR [14], SSIM [15] 
and LPIPS [16], geometric quality compares extracted 3D meshes or 
point clouds against a ground truth, relying almost exclusively on the 
Chamfer Distance (CD) [17,18] and the F-Score [6].

Chamfer Distance remains the dominant geometric evaluation cri-
terion due to its differentiability and computational efficiency. It com-
putes the average nearest-neighbor distance between a reconstructed 
source point cloud 𝑆 and a target ground-truth point cloud 𝑇 : 

CD = 1
2|𝑆|

∑

𝑥∈𝑆
min
𝑦∈𝑇

‖𝑥 − 𝑦‖22 +
1

2|𝑇 |
∑

𝑦∈𝑇
min
𝑥∈𝑆

‖𝑥 − 𝑦‖22 (1)

F-Score addresses global outlier sensitivity by serving as the har-
monic mean of precision (𝑃 ) and recall (𝑅) calculated for a specific 
spatial distance threshold 𝑑: 

𝑃 (𝑑) = 100
|𝑇 |

∑

𝑡∈𝑇
[min
𝑠∈𝑆

‖𝑡 − 𝑠‖ < 𝑑]

𝑅(𝑑) = 100
|𝑆|

∑

𝑠∈𝑆
[min
𝑡∈𝑇

‖𝑠 − 𝑡‖ < 𝑑]
(2)

𝐹 (𝑑) =
2𝑃 (𝑑)𝑅(𝑑)
𝑃 (𝑑) + 𝑅(𝑑)

(3)

While the F-Score excellently quantifies regional and global spatial 
completeness, both CD and F-Score remain fundamentally feature-
agnostic. They treat a point lying on an archaeologically critical in-
scription with the identical statistical weight as an uninformative point 
situated on a flat, featureless support base.

Recent variations have attempted to resolve specific spatial distribu-
tion biases. The Density-Aware Chamfer Distance (DCD) [19] corrects 
for non-uniform point sampling densities, while the Normal-guided 
Chamfer Distance (NCD) [20] incorporates local surface orientation 
vectors to better capture topological flow. Newer paradigms, such as 
the Flexible-weighted Chamfer Distance (FCD) [21] and the Asymmet-
ric Contrastive Chamfer Loss (ACCL) [22], aim to decouple local edge 
precision from global structural integrity. Nevertheless, none of these 
existing metrics derive semantic importance directly from the intrin-
sic differential geometry of the object. This critical gap underscores 
the need for our proposed FACD, which explicitly embeds localized, 
feature-aware weighting into the geometric evaluation architecture.
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2.3. Reconstruction paradigms

Reconstruction methodologies evaluated in our benchmark span the 
three dominant eras of 3D vision: explicit geometric pipelines, implicit 
learnable representations, and feed-forward transformers.

Explicit Structure-from-Motion (SfM) pipelines, exemplified by COLM
established the early benchmarks for 3D reconstruction accuracy [24]. 
However, due to their strict reliance on explicit handcrafted feature 
tracking [25], these frameworks suffer severe performance degradation 
on textureless or homogeneous heritage stone.

Conversely, optimization-based techniques utilize coordinate -based 
neural field representations, such as NeRF [1] and its variants [26–28], 
alongside Neural Surface Representations (NeuS) [29] and its multi-
view surface derivatives [30–32]. These methods frequently embed 
multiresolution hash-grids [33] to map coordinates to volume density 
or signed distance functions (SDF). While highly robust to untextured 
regions, they carry an inherent interpolation bias.

Explicit optimization pipelines utilizing 3D Gaussian Splatting
(3DGS) [2] and its surface-constrained extensions (e.g., SuGaR [34], 
Sparse2DGS [35], MeshSplatting [36]) attempt to jointly refine ge-
ometry and photorealistic appearance rapidly, though mesh extraction 
remains noisy.

Finally, feed-forward learning approaches, spearheaded by
DUSt3R [3] and VGGT [4], along with their scalable multi-view succes-
sors (e.g., MASt3R [37], Fast3R [38], FastVGGT [39]), directly regress 
3D coordinate maps from input imagery in a single pass. While unprece-
dented in speed, these models often rely heavily on structural priors and 
training data distributions (e.g., [40,41]), risking the ‘‘hallucination’’ 
of geometry that smooths over unique features—a phenomenon our 
benchmark is specifically designed to quantify.

3. Methodology

To determine whether a novel evaluation criterion can accurately 
retrieve geometric information, a robust dataset with zero instrumental 
bias is required. In cultural heritage, the scientific value of an artifact 
often lies in its high-frequency surface details — such as tool marks, 
erosion patterns and reliefs — rather than its low-frequency global 
shape. To systematically evaluate this ‘‘fidelity gap,’’ we developed 
a fully reproducible benchmarking framework using synthetic ground 
truth, which guarantees absolute precision and scalability while allow-
ing us to leverage known data distributions to explicitly evaluate local 
topological features.

The evaluation task requires participants to reconstruct complex 
3D objects from a set of 90 high-quality 2D renderings per ob-
ject, simulating a realistic photogrammetry capture setup with phys-
ically based materials and dual-sun high-dynamic-range (HDRI) light-
ing. Researchers were permitted to employ any 3D reconstruction 
paradigm (e.g., Structure-from-Motion, Neural Radiance Fields, 3D 
Gaussian Splatting) with the primary objective of maximizing the 
geometric fidelity of the reconstructed micro-topography.

3.1. Dataset construction

The dataset consists of procedurally sculpted meshes derived from 
canonical 3D base forms, featuring a static, approximated diffuse stone 
material (high roughness, low metallicity). For each object, participants 
are provided with:

• Images: 90 PNG images (1920 × 1080 resolution) rendered from 
a helical trajectory.

• Camera Poses: Full camera intrinsics and extrinsics formatted for 
standard COLMAP pipelines.
3 
23], 

Fig. 1. Complete steps for generating the base cube. First: create a mesh. Sec-
ond: for each vertex, apply a height based on the original image’s luminosity 
information.

3.1.1. 3D model generation
We present a controlled synthetic dataset inspired by the intri-

cate stone reliefs found in Armenian Khachkars (decorative memorial 
steles), which are inscribed on UNESCO’s List of Intangible Cultural 
Heritage of Humanity.

To generate these reliefs without the biases of real-world scanner 
noise, we bypass the ill-posed problem of pure image-to-geometry 
generation [42]. Instead, we extract disparity/depth maps from front-
facing photographs of real Khachkars by converting the image lu-
minance into displacement values—a valid approximation given that 
shallow carvings illuminated by direct sunlight exhibit strong shading-
to-depth correlations.

The procedure begins by scaling a grayscale Khachkar image to 
match the intended mesh vertex resolution (e.g., 300 × 300 pixels for 
a 300 × 300 grid). The ground truth is then procedurally sculpted in 
Blender [43], similar to the methods proposed in [44]. For each vertex 
on the target face, we apply a displacement along its normal vector 
proportional to the pixel’s luminosity multiplied by a base displacement 
amplitude factor (strength 𝑠 = 0.02). See Fig.  1 for the sculpting process 
visualization.

Based on the degree of structural complexity, the dataset is stratified 
into two subsets: Primitives and Derivatives.
Primitives. To introduce geometric variety, the base mesh is morphed 
into four distinct aspect ratios: the canonical Normal cube, a Large
version (2× higher than wide), a Wide version (2× wider than high), 
and a Realistic version mimicking the proportions of an actual stele. For 
the Realistic version, the displacement amplitude is scaled by a factor of 
5 to preserve the prominence of the carved features despite the altered 
dimensions.

Derivatives. To rigorously test the reconstruction paradigms across 
complex global geometries, we apply non-linear morphing to the base 
shapes, yielding 6 distinct geometric derivatives: Cone, Cylinder, Egg, 
Package, Pyramid, and Sphere. This expansion yields a total of 48 
structurally complex 3D objects per base image, enabling extensive 
stress testing of the robustness of surface extraction.

To evaluate algorithmic robustness against untextured, homoge-
neous regions, the flat surfaces of the remaining four visible faces may 
optionally be sculpted with textures from real Khachkar back surfaces, 
randomly selected from a pool to enhance realism, as shown in Fig.  2. 
This distinction leads to two classifications of the objects:

• all: The main face is sculpted with the primary relief, while the 
other visible faces are displaced using a secondary ‘‘rock noise’’ 
texture sampled from the back of a real Khachkar.

• one_face: Only the main face is sculpted; the remaining faces are 
left perfectly flat and textureless.

In total, a single source image generates eight distinct Primitive con-
figurations (4 aspect ratios × 2 texture variants) and six Derivatives for 
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Fig. 2. Apply the back texture (a) of the Khachkar (b) to the ground truth flat 
faces. In the image, it appears on top of the object in (c).

Fig. 3. Half of the objects generated from a single image. First column: 
the four Primitives from the image at the left. Next to each primitive, its 
Derivatives, in order: Cone, Cylinder, Sphere, Egg, Pyramid and Package.

Fig. 4. 90 cameras around the object visualized in COLMAP.

each Primitive, thus obtaining 48 3D objects from a single image with 
this procedure. See Fig.  3. These distinctions (image ID, all/one_face, 
Primitive and Derivative) are further used to identify objects in the 
dataset.

3.1.2. Rendering generation
Camera poses were algorithmically generated in Blender. Inspired 

by the capture methodology of NeRFBK [11], 90 cameras are dis-
tributed along a dual-level helical path encircling the object, providing 
overlapping coverage from both high and low elevation angles (see Fig. 
4). The scenes were rendered using the CYCLES path-tracing engine to 
provide physically accurate global illumination, shadows and realistic 
stone reflectance.

Each pose is then rendered using Blender. In Fig.  5 is an example. 
The scene is modeled with two suns and an HDRI background to 
achieve more realism. However, a white background is left around 
the object. We use the CYCLES rendering engine to provide realistic 
illumination.

3.2. Feature-aware geometric evaluation

Standard geometric metrics, such as the conventional Chamfer 
Distance (CD), treat every reconstructed point equally. This global 
averaging inherently biases evaluations toward methods that pro-
duce smooth, interpolated surfaces while masking the catastrophic 
loss of high-frequency micro-geometry (e.g., carvings, sharp corners). 
To resolve this, we introduce the Feature-Aware Chamfer Distance 
4 
Fig. 5. Sample of six frames taken of the object.

(FACD), which assigns a continuous, feature-aware weight to each 
ground-truth vertex based on its structural and engraving-preservation 
significance.

3.2.1. Intrinsic curvature-based weighting
The synthetic dataset permits the utilization of manually-assigned 

heuristic weights to each vertex. However, such methodology is not 
scalable and introduces subjective bias. Therefore, we present a novel, 
fully automated methodology to compute intrinsic feature weights 
directly from the ground-truth differential geometry.

We quantify local surface saliency using the Root Mean Square 
(RMS) curvature, or curvedness (𝐶). First, a geometric purification step 
is applied to the mesh to remove non-manifold artifacts, degenerate 
faces (area < 10−8), and orphaned vertices, ensuring mathematical 
stability. For every valid vertex 𝑖, we compute the principal curvatures 
𝑘1 and 𝑘2 using the ‘libigl’ [45] library. The raw curvedness is defined 
as: 

𝐶𝑖 =
√

1
2
(

𝑘21 + 𝑘22
)

(4)

To distinguish deliberate carvings from background stone noise, we 
isolate the ‘‘active’’ curvatures (𝐶𝑖 > 10−5) and compute their 90th 
percentile, 𝐶upper. We then apply a smart clamping and normalization 
strategy to map the raw curvatures to a normalized scale 𝐶̂𝑖 ∈ [0, 1]: 

𝐶̂𝑖 =
min(𝐶𝑖, 𝐶upper) − 𝐶lower

𝐶upper − 𝐶lower
(5)

where 𝐶lower = 0. Finally, to actively penalize the smoothing of sharp 
details, we apply a non-linear amplification (𝛾 = 2.0) and map the 
values to a continuous weight scale: 

𝑊𝑖 = 𝑤base +𝑤scale ⋅ (𝐶̂𝑖)𝛾 (6)

Using 𝑤base = 1.0 and 𝑤scale = 299.0, the final vertex weights organ-
ically span a continuous range from 1.0 (flat background) to 300.0 
(sharp carvings and critical edges). This maps geometric topology to 
semantic importance without human intervention. Without 𝛾, many 
vertices at medium curvedness (rough stone texture, shallow relief 
edges) receive weights of half the scale, which may introduce noise 
into the comparison. With 𝛾 = 2, those same vertices compress closer 
to the baseline, which better reflects the categorical intent. See Fig.  9 
for a colormap of the vertices weights.

The scale of 300 provides an expressive representation of the ver-
tices’ weights. However, note that any scale can be used, since the 
ranking is a comparison of values on the same scale.

3.2.2. Metric formulation
Let 𝑆 be the set of reconstructed source points and 𝑇  be the set 

of ground-truth target points. Let 𝑊𝑡 represent the calculated intrinsic 
weight for a target point 𝑡 ∈ 𝑇 .
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The traditional Chamfer Distance (CD) is defined as the mean of 
the bidirectional point-to-point nearest-neighbor distances: 

CDFWD = 1
|𝑆|

∑

𝑥∈𝑆
min
𝑥∈𝑇

‖𝑥 − 𝑦‖22

CDBWD = 1
|𝑇 |

∑

𝑦∈𝑇
min
𝑦∈𝑆

‖𝑥 − 𝑦‖22
(7)

CD = 1
2
(CDFWD + CDBWD) (8)

To heavily penalize asymmetric failure modes (e.g., when an algo-
rithm hallucinates geometry far from the surface, or fails to complete 
a shape), we evaluate the Harmonic Chamfer Distance (HCD): 

HCD =
2 ⋅ CDFWD ⋅ CDBWD
CDFWD + CDBWD + 𝜖

(9)

and the Harmonic Chamfer Distance variant (HCD2): 

HCD2 = 2
(1 + CDFWD)(1 + CDBWD)

(1 + CDFWD) + (1 + CDBWD)
− 1 (10)

that penalizes more when either FWD or BWD becomes 0.
Finally, our proposed Feature-Aware Chamfer Distance (FACD)

directly integrates the intrinsic curvature weights into the backward 
distance calculation, forcing the evaluation to prioritize the high-
frequency carvings: 
FACDFWD =

∑

𝑥∈𝑆
𝑤(𝑥)min

𝑦∈𝑇
‖𝑥 − 𝑦‖22

FACDBWD =
∑

𝑦∈𝑇
𝑤(𝑥̂(𝑦))min

𝑥∈𝑆
‖𝑥 − 𝑦‖22

(11)

FACD = 1
2
(FACDFWD + FACDBWD) (12)

Similarly, the Harmonic Feature-Aware Chamfer Distance (HFACD 
and HFACD2) replaces CDBWD with FACDBWD and CDFWD with FACDFWD
in the harmonic formulation. By contrasting these feature-aware for-
mulations against standard distance metrics, we successfully decouple 
the evaluation of global shape accuracy from the preservation of 
high-frequency features.

3.3. Note on reconstruction alignment

To evaluate the structural accuracy of the 3D reconstructions, they 
must be registered to the ground-truth coordinate system. We perform 
this registration using a Similarity Transform (Sim3), estimated via the 
camera trajectories. Using camera centers as registration landmarks 
ensures that the subsequent geometric evaluation — specifically, the 
high-frequency detail analysis — is not biased by surface-to-surface 
alignment optimizations such as ICP.

To decouple the spatial registration from the surface evaluation, 
we leverage the camera optical centers as corresponding, invariant 
spatial landmarks. We assume possessing exact, one-to-one correspon-
dences between the estimated camera poses and their true coordinates.

To prevent localized Structure-from-Motion (SfM) tracking errors 
from introducing global scale or rotational bias, we implement a robust 
Umeyama (1991) alignment with a robust Procrustes superimposition 
approach grounded in Iterative Least Trimmed Squares [46]. Let 𝑃 =
{𝑝1, 𝑝2,… , 𝑝𝑁} and 𝑄 = {𝑞1, 𝑞2,… , 𝑞𝑁} represent the sets of paired 
camera optical centers from the reconstruction and the ground truth, 
respectively. We aim to compute an optimal Similarity Transform, 
Sim(3)—comprising a uniform scale 𝑠 ∈ R+, rotation 𝑅 ∈ 𝑆𝑂(3), 
and translation 𝑡 ∈ R3—while dynamically rejecting a predefined 
proportion 𝛼 of severe outliers (in our experiments, 𝛼 = 0.2).

The iterative trimming procedure is defined as follows:

1. Initial Transformation: We compute the initial Sim(3) param-
eters {𝑠, 𝑅, 𝑡} using the closed-form Umeyama [47] algorithm on 
the full set of corresponding pairs.

2. Residual Evaluation: We compute the Euclidean residual for 
each pair: 𝑒 = ‖𝑞 − (𝑠𝑅𝑝 + 𝑡)‖ .
𝑖 𝑖 𝑖 2

5 
3. Greedy Outlier Rejection: The pair (𝑝𝑘, 𝑞𝑘) associated with the 
maximum residual 𝑒𝑘 is classified as an outlier and removed from 
the active sets 𝑃  and 𝑄.

4. Iterative Refinement: Steps 1 through 3 are repeated until the 
targeted subset size 𝑁 ′ = ⌊(1 − 𝛼)𝑁⌋ is reached.

By removing the point with the highest residual and strictly re-
estimating the transformation matrix at each step, we ensure that 
extreme outliers do not artificially shift the alignment.

4. Evaluated reconstruction methods

The evaluation encompasses eight distinct reconstruction configura-
tions: three submitted by participating teams and five contributed by 
the organizer as baselines. Together they span the current spectrum of 
3D vision approaches, from explicit photogrammetry to implicit neural 
rendering, Gaussian splatting and feed-forward transformer architec-
tures:

• SAMplify_SuGaR (Team 1): Integrates SAM2 [48] segmenta-
tion with surface-aligned Gaussian Splatting (SuGaR) [34].

• VGGT_frame (Team 2): A feed-forward transformer model (VG-
GT [4]) optimized for efficiency using a deterministic 16-frame 
subset.

• NeRF_InstantNGP (Team 3): Utilizes NeRF [1] with multires-
olution hash encoding [33] and Poisson surface reconstruction.

• COLMAP [23] (baseline): The classical explicit photogrammetric 
baseline.

• NeuS [29] (baseline): The SDF-based implicit neural surface base-
line.

• VGGT Variants (baselines): Three distinct full-image configura-
tions of VGGT [4] with varying point-count constraints and input 
resolutions (vggt_100k, vggt, and vggt_high_def).

4.1. Team 1 - SAMplify_SuGaR (sam_sugar )

https://github.com/TEXTaiLES/SAMplify_SuGaR
Team 1 reconstructs each object through a four-stage pipeline 

that integrates promptable foreground segmentation, Structure-from-
Motion (SfM), and surface-aligned Gaussian splatting [2] into a unified 
background-free workflow (see Fig.  6).

In the first stage, foreground regions are isolated using Segment 
Anything 2 (SAM2) [48]. An operator provides initial positive and 
negative prompt points on a reference image, which SAM2 propagates 
across the remaining views to generate consistent binary masks. In the 
second stage, these masked images are processed with COLMAP [23] to 
estimate camera poses and produce a sparse initialization cloud. By re-
stricting feature matching to the object region, this method suppresses 
unreliable background correspondences, yielding highly stable camera 
pose estimation.

In the third stage, the sparse reconstruction initializes a 3D Gaussian 
Splatting representation, optimized under the SuGaR [34] regularizer. 
This encourages the Gaussians to remain concentrated on the object 
surface and align their principal axes with the underlying geometry, 
significantly reducing floaters. Finally, a triangle mesh is extracted via 
Poisson reconstruction over the SuGaR density/SDF estimates, deci-
mated to a target face count, and textured by projecting the refined 
Gaussian radiance onto the mesh surface.

4.2. Team 2 - VGGT with frame selection (vggt_frame)

https://www.kaggle.com/code/kritisi19/vggt-shrec
Team 2 employs the Visual Geometry Grounded Transformer (VG-

GT) [4] for feed-forward 3D reconstruction. Although the full set of 90 
views per object is available, using all frames proved computationally 
infeasible in our setting. Specifically, experiments with FastVGGT [39] 
on the full image set yielded overlapping and duplicated geometric 

https://github.com/TEXTaiLES/SAMplify_SuGaR
https://www.kaggle.com/code/kritisi19/vggt-shrec
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Fig. 6. SAM_SuGaR pipeline, integrating SAM2 masks with COLMAP initial-
ization and SuGaR regularization.

Table 1
Time and resources used by the models to reconstruct the objects. This is 
obtained using our parameters, optimized for greater speed than in the 
original paper.
 Method VRAM Time Hardware  
 COLMAP 4 GB 100 min Intel i7-12700H  
 RTX A2000 (8 GB)  
 NeuS 8 GB 10 h Intel i7-9700F  
 RTX 2080 (8 GB)  
 VGGT 37 GB 30 s AMD Ryzen 7 5700X 
 RTX A6000 (48 GB)  

structures in the reconstructed outputs. Additionally, running VGGT on 
all frames resulted in out-of-memory (OOM) errors on the available 
hardware. To circumvent this, the method deterministically selects a 
fixed subset of 16 frames, evenly distributed across the acquisition 
sequence.

{1, 5, 7, 11, 14, 17, 22, 24, 35, 57, 59, 61, 71, 77, 82, 87}
This deterministic selection reduces memory consumption while 

maintaining multi-view coverage across the objects.
Input images are processed at their original 1920 × 1080 resolution 

in a single forward pass. VGGT predicts per-pixel depth maps, confi-
dence values and camera pose encodings, which are translated into 
standard 3 × 4 transformation matrices consistent with the COLMAP 
convention. When available, predicted world-space 3D points are used 
directly; otherwise, depth maps are unprojected into 3D space.

To refine the reconstruction, a global confidence threshold is com-
puted at the 90th percentile, retaining only the highest-certainty points. 
Additionally, a brightness-based filtering heuristic is applied (removing 
points with an RGB sum ≥ 740) to eliminate background noise. The 
implementation was optimized to run on a single NVIDIA T4 GPU.

4.3. Team 3: NeRF with InstantNGP (nerf_instantngp)

Team 3 proposes an optimization-based methodology that utilizes 
Neural Radiance Fields (NeRFs). The pipeline consists of training a 
NeRF model, extracting a dense point cloud via raycasting and gen-
erating a triangle mesh using Poisson surface reconstruction [49] (see 
Fig.  7).

The architecture leverages Instant-NGP [33], using a multiresolu-
tion hash-grid encoding to efficiently map spatial coordinates while 
preserving high-frequency detail (Fig.  8). The implementation uses 
𝐿 = 16 levels with 𝐹 = 2 feature dimensions per level, with grid 
resolutions ranging from 16 to 2048. The density MLP employs a single 
hidden layer of 64 neurons, followed by a view-dependent RGB head. 
Hierarchical sampling is guided by two proposal networks.

For point cloud extraction, an arbitrary number of camera rays 
are sampled, and depth is determined using a median-based estimator 
(the depth at which accumulated weight reaches 50%). Points with 
low accumulated weight are discarded. Before Poisson reconstruction, 
the point cloud undergoes statistical outlier removal (discarding points 
6 
> 2 standard deviations from the 20-nearest-neighbor mean). The final 
mesh is generated using an octree depth of 10. The average processing 
time per object is approximately 335 s using an NVIDIA RTX 4070 
for the entire pipeline, including NeRF training (283 s.), point cloud 
extraction and mesh generation.

For development, the Nerfstudio [50] was employed, specifically 
the Nerfacto model, which is a configurable NeRF pipeline.

4.4. Organizer baselines: Established pipelines and VGGT variants

The organizers provided a comprehensive comparative baseline by 
evaluating three distinct reconstruction approaches — explicit pho-
togrammetry, implicit neural surfaces, and feed-forward transformers 
— across five standardized configurations.

COLMAP [23] was selected to represent the classical explicit geo-
metrical baseline. To ensure perfect alignment with the ground truth, 
COLMAP was provided with the exact original camera poses generated 
during the dataset rendering process.

NeuS [29] was evaluated as the foundational implicit neural render-
ing baseline utilizing Signed Distance Functions (SDF). Ground-truth 
cameras were provided by converting the COLMAP format into the 
standard npz format used by VolSDF [51]. To maintain computational 
feasibility across the large dataset, iterations were limited to 140,000 
steps (rather than the 500,000 proposed in the original work).

VGGT Variants [4] were evaluated to test the scalability of feed-
forward architectures utilizing all 90 images. Unlike the other base-
lines, VGGT does not accept external camera poses, requiring a post-
processing algorithm for rigid mesh alignment. The organizers evalu-
ated three variations:

• vggt_100k: Limits the output to 100,000 points with an input 
image resolution of 1024.

• vggt: Processes inputs at 1024 resolution with an effectively 
unlimited point count (capped at 5 million).

• vggt_high_def: Processes inputs at the original 1920 reso-
lution, constrained to 1 million points to ensure dense surface 
coverage.

A summary of the hardware requirements and inference times for 
these baselines is provided in Table  1.

5. Results and discussions

The novel automatic Feature-Aware weighting pipeline was success-
fully applied across the entire dataset. Fig.  9 visualizes this application 
across three different geometries. The generated color maps confirm the 
correct identification of semantically relevant features, assigning base-
line weights to flat background surfaces (darker regions) while strongly 
amplifying the weights of the object’s structure and high-frequency 
sculpted surfaces (brighter regions).

Although participants were provided with the entire dataset of 
616 objects, the computational overhead of full reconstruction varied 
widely across methods. Consequently, a representative subset of 280 
objects was evaluated across all configurations. NeuS was the only ex-
ception, reconstructing a subset of 242 objects due to severe processing 
time limits. The evaluated dataset comprises:

• Primitives Subset: Complete reconstruction of all primitive topo-
logical variants across all configurations.

• Derivatives Subset: Complete reconstruction of all derivative ge-
ometries corresponding to base images ID 1, 3, and 10, including 
models with no starting image (10_flat, featuring completely flat 
surfaces) and those with only texturized faces (3_all_texture).

In total, evaluating this subset required over 140 cumulative days of 
continuous computational time. This highlights the severe resource 
constraints of modern optimization-heavy pipelines. NeuS alone ac-
counted for approximately 100 days of processing.
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Fig. 7. Block diagram of the NeRF-based extraction pipeline proposed by Team 3.
s 
Fig. 8. Multiresolution hash grid encoding used in Instant-NGP.
Source: Figure adapted from [33].

Fig. 9. Visualizing the Feature-Aware weighting pipeline of relief 1, normal 
and realistic egg derivative. (a) and (c) The original Khachkar geometry. (b) 
and (d) The final continuous semantic weight map mapped to the mesh, where 
flat background rock receives a baseline weight of 1.0 (black), and significantly 
high-frequency carvings receive amplified weights up to 300.0 (yellow). (e) 
Feature-Aware text on the side of the relief 3_all_texture.
7 
Table 2
Reconstruction methods performance by CD and FACD. Lower is better. In 
bold: the minimum; the ∗ indicates the maximum. Truncated to 4 decimals for 
clarity.
 Method CD FACD

 Mean Median Mean Median  
 colmap 0.0055 0.0014 0.0742 0.0043  
 nerf_instantngp 0.0003 0.0001 0.0050 0.0007  
 neus 0.0102 0.0010 0.8378 0.0102  
 sam_sugar 0.4865∗ 0.0013 73.1297∗ 0.0901  
 vggt 0.0057 0.0013 0.5679 0.1121  
 vggt_100k 0.0055 0.0014 0.5768 0.1227  
 vggt_frame 0.1244 0.0062∗ 3.1470 0.3387∗ 
 vggt_high_def 0.0449 0.0015 1.0419 0.1258  

Before assessing fine geometric precision, we quantified the baseline 
reliability of the reconstruction paradigms. A stark contrast in robust-
ness emerged (Table  2 and Fig.  10). The hash-encoded neural radiance 
field (nerf_instantngp) demonstrated exceptional robustness and 
precision, consistently ranking first across almost all spatial criteria 
(CD, HCD2, FACD, HFACD, HFACD2). This suggests it maximizes both 
overall structure and feature preservation.

neus closely followed, maintaining highly stable performance (rank
2–3). In contrast, traditional explicit feature-matching pipelines exhib-
ited severe fragility on homogeneous stone artifacts. colmap presented 
an 11.1% algorithmic failure rate (Table  3), confirming that classi-
cal local-feature matching without strong geometric priors remains a 
bottleneck for automated heritage documentation.

The VGGT family variations generally occupied the middle-to-lower 
tiers of the rankings. It is crucial to note that, unlike the other methods, 
VGGT was not provided with initial camera poses, which consistently 
resulted in inaccurate global positioning of the object. Finally, while
sam_sugar achieved a 0% algorithmic failure rate, returning a mesh 
for every input, it consistently ranked last in mean error, suggesting the 
presence of severe outliers.

While median aggregation mitigates the impact of statistical anoma-
lies, it can still be skewed when a specific method fails structurally 
across a large subset of objects. In this study, we distinguish between a 
method’s ‘‘failure rate’’ (the inability to produce a valid reconstruction, 
such as colmap’s 11.1%) and its ‘‘outlier rate’’ (successful completions 
that yield catastrophic geometric noise).

To identify the true accuracy hierarchy of the algorithms when they 
successfully converge, we conducted a multidimensional outlier abla-
tion. Because distances are highly right-skewed, we used Tukey’s [52,
53] rule based on the interquartile range (IQR) with a 3 factor to 
objectively define a threshold for catastrophic failure, filtering out any 
reconstruction with FACD > 0.916.

Table  3 details the impact of these catastrophic outliers on method 
evaluation. While sam_sugar never failed to run, the IQR threshold 
reveals that 26.1% of its completions were catastrophic noise explo-
sions. Conversely, when colmap did manage to converge, it produced 
highly reliable geometries (only 1.1% outliers). Crucially, when these 
unsuccessful reconstructions are removed from the dataset, the global 
CD rankings shift significantly. Standard CD artificially penalizes robust 
methods (such as neus and vggt) when outliers are present and 
shifts their rankings when noise is removed. In stark contrast, the 
rankings derived from the proposed FACD distance remain unchanged. 
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Fig. 10. Ranking for each method reconstruction, evaluating reconstructed objects by all teams. Each row corresponds to a reconstruction method. The numbers 
correspond to the rank given by the criterion of that column. Colors correspond to the rank number for visualization only. Squares from left to right: (1) all 
datasets reconstructed by all the objects; (2) primitives subset; (3) derivatives subset of object with IDs 1, 3 and 10.
Table 3
Robustness analysis and rank shifts after removing catastrophic outliers (FACD 
> 0.916). Fail (%) indicates algorithms that returned no valid data. Outlier (%)
indicates successful runs that resulted in catastrophic geometric noise. Rank 
shifts indicate movement after noise removal (positive means improved rank).
 Method Fail Outlier Rank shift
 (%) (%) CD HCD HCD2 FACD HFACD HFACD2 
 colmap 11.1 1.1 1 0 1 0 0 0  
 nerf_ instantngp 0.0 0.0 0 0 0 0 0 0  
 neus 3.7 2.5 −1 0 −1 0 0 0  
 sam_sugar 0.0 26.1 1 0 1 0 0 0  
 vggt 0.4 7.9 −1 0 −1 0 0 0  
 vggt_100k 0.4 8.2 −1 0 −1 0 0 0  
 vggt_frame 0.0 16.1 0 0 0 0 0 0  
 vggt_ high_def 0.0 8.9 1 0 1 0 0 0  

This suggests that FACD inherently provides a highly stable evaluation 
hierarchy that naturally resists catastrophic variance.

Table  4 provides examples of objects. As can be seen, not all 
evaluation criteria yield the same rankings, revealing a gap in correctly 
ranking objects with criteria that do not measure the features. An 
interesting case is 5_one_face_wide, as the ranking dramatically changes 
between CD (vggt better) and FACD (nerf_instantngp better). In 
fact, CD classifies colmap as the worst, while FACD leaves colmap as 
the second best. Images have been shown to align qualitatively better 
with the FACD.

A critical finding from isolating the Primitive subset is the extreme 
divergence in how traditional photogrammetry (COLMAP) is penalized 
by different evaluation criteria. On basic Primitive shapes, COLMAP 
ranks the worst (rank 8) under standard Chamfer Distance (CD), yet 
jumps to rank 2 under Weighted Chamfer Distance (FACD) (see Fig. 
10). This indicates that while COLMAP likely struggles with scattered 
outlier noise far from the true surface (heavily penalized by CD), the un-
derlying density and structural core of its reconstructions remain highly 
accurate (rewarded by FACD). Interestingly, on the more complex 
Derivative subset, COLMAP’s performance stabilizes across evaluations, 
jumping to rank 3 in CD and rank 1 in HCD.

Our rank correlation analysis using Kendall’s 𝜏 and Spearman’s 
𝜌 identified the specific topological configurations that cause evalu-
ation breakdowns. The criteria showed perfect agreement (𝜏 = 1.0) 
on globally symmetric, fully visible objects such as all_wide_sphere, 
all_wide_egg, and one_face_cone. Conversely, the most severe evalua-
tion discordance occurred on the one_face_large experiment (𝜏 ≈ 0.066, 
𝜌 ≈ 0.085). Objects characterized by large, single planar faces appear 
to exacerbate the differing sensitivities of CD (outlier-sensitive) versus 
FACD. When methods attempt to reconstruct these large, flat regions, 
incomplete filling or sparse point sampling can cause massive rank 
8 
Fig. 11. Captures of the 8 reconstructions of one of the objects where CD and 
FACD agreed the most, i.e., had the same ranking (object 10_all_wide). To the 
naked eye, it is simpler to rank than in Table  4 example 2.

Fig. 12. Captures of the 8 reconstructions of one of the objects where CD and 
FACD agreed the most, i.e., had the same ranking (object 10_all_sphere).
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Table 4
Qualitative and quantitative comparison of reconstruction methods across three representative objects. For each criterion, the best performing method is bolded, 
the second best is underlined, and the worst performing method is marked with an asterisk (∗). Lower values indicate better geometric fidelity.

 

inversions between the point-to-point and density-weighted evaluation 
paradigms.

As demonstrated in Table  5, analyzing the dataset by topological 
class reveals the profound degree to which standard geometric evalua-
tion masks semantic failure. We utilize the FACD/CD Ratio to explicitly 
quantify this discrepancy.

A clear morphological pattern emerges among the most challenging 
object types. The top five hardest topologies are uniformly ‘‘flat’’ vari-
ants (e.g., flat_realistic_egg, flat_sphere). Because these 
objects lack macroscopic structural complexity and homogeneous stone 
9 
textures provide few features for explicit tracking, reconstruction algo-
rithms frequently fail to converge on the true surface, often producing 
smoothed, blob-like geometries (see Figs.  11 and 12).

Crucially, the standard CD fails to capture the severity of these 
catastrophic failures. For instance, on the flat_sphere, algorithms 
achieved a seemingly acceptable median CD of 0.01844. However, the 
automated curvature weighting in our FACD unmasks the complete 
loss of micro-topographic integrity, yielding a value of 5.08860—a 
staggering 275.9x divergence. This ratio illustrates the ‘‘smoothing 
bias’’: models minimize spatial point-to-point distances by averaging 
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Table 5
Analysis of Object Difficulty. We determine the difficulty by the median 
𝐹𝐴𝐶𝐷 value across all methods. Note the extreme divergence between the 
standard Chamfer Distance (𝐶𝐷) and our Feature-Aware criterion (𝐹𝐴𝐶𝐷) in 
the hardest cases. Values limited to 4 decimals for better visualization.
 Object type Median

CD
Median
FACD

FACD/CD
Ratio

 

 Top 5 Hardest Object Types (Highest FACD)
 flat_realistic_egg 0.0718 18.1190 252.5x  
 flat_pyramid 0.1110 17.5057 157.7x  
 flat 0.0402 9.2104 229.2x  
 flat_sphere 0.0184 5.0886 275.9x  
 flat_egg 0.0216 3.8825 179.9x  
 Top 5 Easiest Object Types (Lowest FACD)
 realistic_all_texture_cylinder 0.0007 0.0111 16.3x  
 large_all_texture_pyramid 0.0007 0.0133 18.0x  
 realistic_all_texture 0.0006 0.0148 24.3x  
 one_face_realistic_cylinder 0.0004 0.0159 41.8x  
 one_face_realistic 0.0004 0.0165 42.3x  

over the surface, effectively smoothing out the high-frequency features 
that FACD prioritizes.

Conversely, the ‘‘easiest’’ objects are characterized by prominent 
macrostructures (e.g., pyramid, cylinder) and high-contrast sur-
faces (all_texture). These features provide robust anchors for both 
explicit SfM matching and implicit neural priors, resulting in highly ac-
curate geometric retrieval. In these ideal conditions, the FACD/CD ratio 
stabilizes at the lower end of our amplified evaluation scale (ranging 
from 16x to 24x), indicating that standard CD aligns with semantic real-
ity only when the underlying topology is exceptionally well-structured 
and textured. Ultimately, this divergence confirms that evaluating un-
textured heritage surfaces with traditional global averages yields a 
highly misleading picture of engraving fidelity.

6. Conclusion

This paper presented the findings of the SHREC 2026 track on the 
retrieval and evaluation of high-frequency geometry in cultural her-
itage 3D reconstruction. We addressed the discrepancy between visual 
realism and geometric accuracy by introducing a procedurally gener-
ated benchmarking framework for Khachkar-inspired reliefs, coupled 
with a novel curvature-based evaluation criterion, the Feature-Aware 
Chamfer Distance (FACD).

Our extensive evaluation across eight diverse reconstruction paradi-
gms yielded several pivotal insights into the current state of 3D digitiza-
tion. First, we empirically demonstrated that traditional global spatial 
averages, such as the standard Chamfer Distance (CD), inherently ex-
hibit a smoothing bias, leading to the misranking of reconstruction 
algorithms.

Second, our robustness and ablation analyses highlighted a pro-
nounced dichotomy between implicit and explicit representations. Neu-
ral implicit surfaces (e.g., NeRF_InstantNGP, NeuS) exhibited unpar-
alleled convergence stability on untextured, diffuse materials. How-
ever, NeuS frequently failed to preserve unique, high-frequency tool 
marks, while the winner method (NeRF_InstantNGP) successfully re-
covered these nuances. Conversely, explicit feature-matching pipelines 
(COLMAP) demonstrated significant fragility, evidenced by substantial 
failure rates, but provided superior structural fidelity and edge preser-
vation in successful reconstructions. Crucially, this structural nuance 
was exclusively captured by our FACD curvature-based evaluation 
criterion.

Despite these insights, we acknowledge certain limitations in our 
current framework. Primarily, while our procedurally generated dataset 
provides perfect ground truth and rigorous topological control, it in-
herently lacks the full spectrum of real-world photometric complexi-
ties, including varied environmental lighting, occlusions and biological 
10 
weathering. Furthermore, because FACD relies on curvature to scale 
semantic weights, its performance has yet to be demonstrated on real-
world scans, where sensor noise may manifest differently than in our 
synthetic dataset.

Ultimately, this benchmarking initiative establishes that advancing 
the digitization of cultural heritage requires a paradigm shift away from 
feature-agnostic spatial averages. Future work will focus on broadening 
the applicability of the automated FACD. Furthermore, we encour-
age the research community to explore feature-aware optimization 
strategies and design hybrid architectures that fuse the convergence 
robustness of neural priors with the topological precision of explicit 
geometric extraction.
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