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Abstract

Robust 3D edge reconstruction from in-the-wild data re-
mains a key challenge in robotics and SLAM, where scenes
are often noisy, unstructured, and captured under imprecise
conditions. Recent methods based on neural implicit rep-
resentations offer compact reconstructions but suffer from
high computational costs and poor localization of fine edge
detail due to reliance on NeRF-style volumetric rendering.
While Gaussian Splatting offers a fast and accurate alter-
native, its use in edge extraction has been limited to clean
or synthetic datasets with precise initialization.

We present EdgeSplats, a method for 3D edge re-
construction that operates effectively on real-world data
without requiring clean geometric priors. Our approach
leverages the 3DGS-MCMC pipeline to train edge-aligned
Gaussians directly from posed images. A graph-based clus-
tering stage then extracts edge-consistent splats by exploit-
ing spatial and directional coherence.

We demonstrate that EdgeSplats improves both recon-
struction quality and training speed over existing methods,
demonstrating strong performance on noisy, real-world in-
puts.

1. Introduction
Man-made environments are rich in 3D curves and lines,
commonly referred to as edges. These edges delineate the
structural layout of a scene and encapsulate salient infor-
mation, enabling a compact and illumination-invariant rep-
resentation of the environment. As a result, robust 3D edge
reconstruction methods are powerful tools in applications
such as robotics and SLAM.

Early 3D edge reconstruction techniques relied on
matching 2D-detected line segments across multiple views.
Methods like LIMAP [14] have achieved notable success
using this approach, although they inherently depend on

the presence of overlapping line correspondences across im-
ages.

More recent methods leverage the rise of neural implicit
representations, such as Neural Radiance Fields (NeRF)
[16]. Techniques including EMAP [13], NEF [30], and
NEAT [27] utilize these representations to learn a dense
3D structure of a scene and then extract curves and lines
from the learned geometry. However, these approaches in-
herit key limitations from the volumetric rendering frame-
works they build upon—most notably, high computational
cost and slow inference times. In addition, accuracy suffers
when sampling edge points due to discretization and reso-
lution limits [4].

Just as Gaussian Splatting has emerged as an alternative
to NeRF for general 3D reconstruction [11], it has also in-
spired edge-focused techniques. EdgeGaussians [4], learns
a set of edge-aligned Gaussian primitives to reconstruct
curves and lines with both speed and accuracy. However,
EdgeGaussians relies on a graph traversal-based line fitting
approach, which suffers from substantial slowdowns when
Gaussians are poorly aligned or when the underlying point
cloud is dense or noisy.

Despite these advancements, fast and robust 3D edge re-
construction from in-the-wild data remains an open chal-
lenge. Most existing methods have primarily been evaluated
under controlled conditions, leaving their robustness in real-
world scenarios less well understood. Despite its strong
performance in ideal settings, EdgeGaussians exhibits re-
duced accuracy when faced with noisy camera poses or im-
perfect initializations. Given that robotics and SLAM ap-
plications frequently operate in unstructured, cluttered, and
sensor-imprecise environments, current methods remain in-
sufficient for reliable deployment in practical settings.

To address these limitations, we introduce EdgeSplats,
a method for robust 3D edge reconstruction explicitly de-
signed for in-the-wild data. Our approach accounts for
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Figure 1. Given a set of edge aligned Gaussians, we first cluster the gaussian graph by encoding using a graph-attention-transformer
(GAT) and DBSCAN. We prune local outliers from individual clusters, and repeat the previous clustering step. This yields a set of ’mega-
Gaussians’, which can be treated analogously to the constituent gaussians. A third clustering step is performed, to merge fragmented and
colinear structures, to yield final gaussian clusters for line fitting.

common real-world challenges, including pose uncertainty,
sparse observations, and complex scene geometry.

EdgeSplats follows the general paradigm of EdgeGaus-
sians, with key modifications to improve robustness and
scalability. First, we learn a set of edge-aligned 3D Gaus-
sians by training on edge-mapped 2D images using a min-
imally modified Gaussian training pipeline. In the second
stage, we treat the learned Gaussians as a graph and apply
a two-stage clustering process, creating ’mega-Gaussians’
which are further merged to form line segments. A Graph
Attention Network (GAT) [24] encodes local Gaussian fea-
tures into a higher-dimensional feature space, facilitating
more effective clustering into meaningful curves and lines.
We adopt the name EdgeSplatting (EdgeSplats) to empha-
size that the resulting structures are not continuous fitted
curves, but rather collections of larger Gaussian primitives
whose splatted support captures the dominant edges of the
scene.

Our method is trained on edge maps generated by
PidiNet [22] and uses COLMAP [19] for initial pose es-
timation and structure-from-motion. Notably, we demon-

strate that with COLMAP-derived poses, EdgeSplats can
reliably reconstruct coherent 3D edges from a noisy point
initialisation, exhibiting minimal performance degradation.
In summary we make the following contributions:
• We propose a robust and efficient pipeline for extracting

3D lines and curves from in-the-wild image datasets.
• By combining a modified Gaussian training pipeline with

a hierarchical graph neural network encoding and clus-
tering, our method reduces reliance on sensitive hyperpa-
rameter tuning.

• We show that EdgeSplats outperforms prior methods un-
der increasing noise levels. Successfully reconstructing
3D edges in real-world conditions where existing ap-
proaches fail, and extracts edges 150 times faster than
existing Gaussian methods under the same conditions.

In the subsequent sections we first discuss related litera-
ture in more detail, before providing the central method-
ology behind ESplats. We then provide both quantitative
and qualitative results comparing the approach against ex-
isting methods on benchmark datasets, before closing with
discussions and future work.

8367



2. Related Works
NeRF and Neural Implicit Methods: Neural Radiance
Fields (NeRF) [16] established a foundation for view-
consistent 3D scene reconstruction from posed 2D images
by learning volumetric density and color fields. Numerous
variants have since emerged. Methods such as [8, 32, 33]
improve rendering speed and memory efficiency, while oth-
ers aim to enhance representational quality [2, 3, 29]. Neu-
ral implicit models have also been adopted in SLAM, with
systems like iMAP, NICE-SLAM, GoSurf, and Co-SLAM
[23, 25, 26, 37] pushing toward scalable and accurate real-
time mapping. However, all such approaches remain fun-
damentally limited by the computational cost of volumetric
rendering via ray tracing.

Neural Edge Fitting: Recent methods have explored
learning compact edge and curve representations directly
from neural fields. EMAP, NEAT, and NEF [13, 27, 30]
all predict 3D edges from an underlying neural implicit
volume, producing sparse and interpretable reconstructions.
Yet, like their dense counterparts, these methods are bottle-
necked by the slow and resource-intensive nature of neural
field training and rendering.

Gaussian Splatting: Gaussian Splatting [11] has
emerged as a compelling counterpart to NeRF, offering a
fast, rasterization-based alternative to traditional volumetric
rendering. By avoiding the computational overhead of
ray marching, it enables significantly faster training and
inference while preserving high visual fidelity. Since
its introduction, several extensions have improved its
geometry and application scope—such as enhanced surface
reconstruction [6, 7, 9] and integration into SLAM systems
[1, 10, 15, 34]. The most relevant development to our work
is 3DGS-Markov Chain Monte Carlo (3DGS-MCMC)
[12], which reinterprets the Gaussian optimization process
through a Markov Chain Monte Carlo framework. This
eliminates the need for manual hyperparameter tuning and
improves robustness when training from sparse or noisy
inputs.

Gaussian Edge Methods: Following the trajectory of
Gaussian-based rendering, recent work has explored edge
reconstruction using Gaussian primitives. EdgeGaussians
[4] demonstrates that edge-aligned Gaussians can be used
to produce accurate and efficient 3D edge reconstructions,
outperforming neural methods in both speed and geomet-
ric quality. However, its local line-fitting strategy is sen-
sitive to noisy or imperfect initialisations, which can lead
to performance degradation. SketchSplat [31] builds on the
foundation of EdgeGaussians by continuing to optimize the
parameters of edges after initial fitting, however its scope
remains largely limited to CAD level datasets.

A related effort, 3Doodle [5], proposes a lightweight rep-
resentation of objects optimizing Bézier curves, rather than

Gaussians. While promising in compact abstraction, its ap-
plication is currently limited to object-scale scenes and has
not yet been extended to full environments.

3. Methodology
Figure 1 illustrates the EdgeSplats pipeline. Starting from
edge-aligned Gaussians, we iteratively cluster them into ge-
ometrically consistent groups, which are then fitted with
simple parametric curves.

Learning Edge-Aligned Gaussians At the core of our
method is a set of view-dependent 3D Gaussian primitives,
each has learnable parameters: mean µ ∈ R3, covariance
Σ ∈ R3×3, opacity α ∈ [0, 1], and color c ∈ R3. The
spatial density of a Gaussian at location x is defined as:

G(x) = e−
1
2 (x−µ)TΣ−1(x−µ) (1)

To enforce geometric fidelity over appearance matching,
we fix all Gaussian colors to white and disable colour opti-
mization. This biases optimization toward spatial alignment
with 3D edges rather than background colour reproduction.
A scale regularizer is also applied to prevent Gaussians from
collapsing to infinitesimal volume.

Training is performed by projecting the Gaussians into
the image plane through a differentiable rasteriser, and min-
imizing a masked L1 loss against binary edge maps derived
from PiDiNet [22]. To counter the imbalance between edge
and background pixels, we define a weight map w(x) such
that both regions contribute equally:

Ledge-aware =
∑
x∈Ω

w(x) ·
∣∣∣Î(x)− I(x)

∣∣∣ (2)

where

w(x) =

{ |M̄ |
|M |+|M̄ | , if M(x) = 1

|M |
|M |+|M̄ | , if M(x) = 0

where M(x) ∈ {0, 1} is the binary edge mask.
To promote spatial consistency without hand-tuned di-

rectional losses, we adopt the resampling-based optimiza-
tion from 3DGS-MCMC [12], wherein underperforming
Gaussians are periodically relocated near well-performing
neighbors. This encourages local structure while avoiding
oversegmentation.

Graph-Based Clustering of Gaussians We propose a
three-stage hierarchical clustering procedure for edge fit-
ting. First, we obtain initial clusters by grouping Gaus-
sians using Euclidean proximity and directional alignment.
Second, we prune local outliers within each cluster and re-
cluster the pruned set to refine groupings. Third, we ag-
gregate each refined cluster into a “mega-Gaussian” (center
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RGB Images EMAP EdgeGaussians EdgeSplats

Figure 2. Qualitative results on Room0 of the Replica dataset. Comparing the outputs of EMAP, EdgeGaussians, and EdgeSplats against
the input PidiNet edge maps. All methods were initialised with COLMAP estimated poses and seed points. EdgeSplats is less noisy than
EdgeGaussians, whilst being more complete than EMAP.

from the mean of members, covariance from PCA) and con-
struct a new graph over these mega-Gaussians; a final clus-
tering pass over Euclidean center distances merges larger
structures and removes duplicates.

We represent the set of optimized 3D Gaussians as a
graph G = (V, E), where each node vi ∈ V corresponds
to a Gaussian parameterized by its center µi, covariance Σi,
and opacity αi. Edges are constructed by connecting each
Gaussian to its k-nearest neighbours in Euclidean space.
For each edge eij ∈ E , we define the weight as the direc-
tional affinity between Gaussian i’s principal axis and the
unit vector from µi to µj .

wij =

∣∣∣∣ d⊤i µj − µi

∥µj − µi∥

∣∣∣∣ (3)

where di is the unit principal direction (first eigenvector
of Σi).

We then feed the graph into an untrained Graph Atten-
tion Network (GAT) acting as an encoder, which maps the
node features into a higher-dimensional embedding space
for clustering. We apply DBSCAN to these embeddings
to obtain initial clusters {C1, . . . , CN}. To improve clus-
ter quality, we run RANSAC on each initial cluster to re-

move local geometric outliers from the graph. Following
this pruning, graph edges and weights are recalculated, and
a second pass through the same GAT encoder is performed.
DBSCAN is reapplied to the encoded, pruned graph, for re-
fined clusters.

To improve representation and reduce fragmentation, we
treat each cluster as a “mega-Gaussian,” defining its cen-
ter as the mean of the constituent Gaussian centers and
computing its covariance via principal component analy-
sis (PCA). Mega-Gaussians with approximately isotropic
covariance are discarded, as such clusters typically corre-
spond to poorly structured or noisy regions. The remaining
mega-Gaussians are then processed analogously to the ini-
tial Gaussians, with a new graph constructed by connecting
nodes based on Euclidean distance between mega-Gaussian
centers.

We then construct a new graph over the remaining mega-
Gaussians by once more connecting each node to its k
nearest neighbours in Euclidean space, this time with edge
weights given by the Euclidean distance between centers:

wij = ∥µi − µj∥2. (4)

We choose Euclidean distance over alignment between

8369



mega-Gaussian centers. At this stage, clusters are already
spatially well-localized by earlier pruning and alignment. A
simple distance metric reliably merges (i) nearby collinear
segments and (ii) slightly misaligned clusters that lie along
the same 3D edge, while avoiding shape/scale biases intro-
duced by covariance-based distances. It is also cheaper and
more stable numerically.

Parametric Fitting For each cluster we collect Gaussian
centers and directions. Small clusters are fitted with a line
(via direction-weighted PCA), while larger clusters are fit-
ted with cubic Bézier curves obtained from ordered quan-
tiles along the dominant PCA axis. Since a line is a de-
generate Bézier, the two models are unified within the same
parametric framework.

4. Evaluation
We benchmark EdgeSplats against prior edge reconstruc-
tion approaches, EdgeGaussians[4] and EMAP [13], on the
synthetic Replica dataset [21]. For all Replica scenes, we
obtain camera poses and an initial sparse point cloud using
COLMAP applied to the raw RGB images. Furthermore,
to demonstrate EdgeSplats’ capability in real-world scenar-
ios we evaluate against EdgeGaussians on the ETH3D [20]
and Living Lab dataset [17], using poses and initial points,
provided by the dataset authors.

4.1. Evaluation on Replica

We evaluate the performance on Rooms 0-2 of the Replica
dataset, and report performance across several metrics.

Due to the absence of 3D ground truth for edge struc-
tures, we assess performance based on 2D reprojection ac-
curacy. Specifically, we evaluate how well the reconstructed
lines and curves reproject onto the PiDiNet edge mapped
images [22]. We use a suite of metrics: (i) Chamfer dis-
tance, which captures geometric accuracy by computing the
average distance between reprojected segments and image
edges; (ii) SSIM, which quantifies structural similarity and
sensitivity to misalignment or blurring; and (iii) a percep-
tual similarity score following [5], which combines CLIP
[18] and LPIPS [35] to jointly capture semantic and low-
level correspondence. We also report training times for the
Gaussians, and edge fitting stages of EdgeSplats and Edge-
Gaussians (in the case of EMAP we include the training
time of the unsigned distance function). All metrics are
computed per image and averaged over the training set of
a given scene.

Beyond image-space metrics, we quantify structural
completeness by reporting the number and average length of
reconstructed edge segments. While a higher raw count of
short segments may indicate over-fragmentation, longer and
fewer segments are generally indicative of coherent edge re-
construction.

Method Scene Chamfer↓ SSIM↑ CLIP↓ Time↓ N Segments Ave. Length↑

EGS [4] Room0 7.54 0.640 5.39 132:00 34289 0.0886
Room1 21.7 0.746 5.11 78:30 21879 0.0828
Room2 5.98 0.733 4.96 150:33 40405 0.0666

EMAP [13] Room0 6.67 0.670 5.04 821:12 3369 0.0612
Room1 11.71 0.767 4.80 774:27 2655 0.0583
Room2 10.77 0.746 4.72 764:19 2629 0.0574

EdgeSplats Room0 4.69 0.678 5.02 25:34 2511 0.495
Room1 7.83 0.78 4.72 25:02 2147 0.515
Room2 6.28 0.761 4.74 23:09 1658 0.528

Table 1. Performance metrics across scenes for each method.
Values are averaged across all images in each dataset. Our
method consistently demonstrates improved Chamfer and SSIM
scores, competitive CLIP results, and significantly faster fitting
with longer edge segments.

Finally, to assess robustness, we perturb the initial
COLMAP point cloud of Room0 with increasing levels of
Gaussian noise and compare the performance of EdgeSplats
and EdgeGaussians under identical conditions.

Replica Results We report our quantitative performance
in Tab.1 and a full breakdown of training times in Tab.4.
Under standard initialization, EdgeSplats achieves perfor-
mance comparable to EdgeGaussians and EMAP, while re-
maining faster overall. Figure 2 shows that our method is
more complete than EMAP, and less noisy than EdgeGaus-
sians, with a small trade off in duplicate edge fragments.
The elevated Chamfer score of EdgeGaussians on Room2
can be attributed to the large number of short line segments
it produces. While this increases raw coverage and can cre-
ate the impression of structural completeness (see Fig. 3 and
supplementary material), the result lacks semantic and geo-
metric consistency.

The advantage of EdgeSplats becomes most evident un-
der noisy initialization. Further results on Room0 with
added noise are present in Tab. 2 and shown qualitatively
in Fig. 4. When we gradually introduce noise into the ini-
tialisation we show that our method maintains the same per-
formance, whilst the performance of EdgeGaussians begins
to degrade. We show that our method remains unaffected,
even when the initialisation is pure noise, and continues to
perform on par with the unperturbed results of EdgeGaus-
sians. To simulate noise, we perturb the positions of the ini-
tial COLMAP point cloud with Gaussian noise of increas-
ing magnitudes of standard deviation.

For our graph clustering heuristics on Replica scenes,
we set the DBSCAN parameter, ϵ = 0.09 for the first two
stages of Gaussian clustering, and ϵ = 0.13 for the line
merging stage.

4.2. Evaluation on ETH3D

Building on the robustness analysis, we introduce a
new benchmark using several scenes from the ETH3D
dataset[20]. To the best of our knowledge, this constitutes
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Figure 3. Close up results on the Room2 scene of the Replica
dataset. Showing that when trained from COLMAP initialised
poses, EdgeGaussians reconstructs the scene as many fragmented
line segments. Whereas EdgeSplats, while still having some du-
plicates produces fewer, cleaner segments

Scene EdgeGaussians [4] EdgeSplats
Chamfer↓ SSIM↑ CLIP↓ Chamfer↓ SSIM↑ CLIP↓

σ 0.1 7.23 0.648 5.40 5.05 0.675 5.02
σ 0.5 9.03 0.603 5.64 4.65 0.679 5.01
σ 1.0 10.3 0.584 5.79 4.64 0.679 5.03
Random init 20.2 0.400 6.30 5.67 0.672 5.08

Table 2. Performance metrics when adding noise to the initial-
ization. Our method suffers minimal performance loss across all
levels of perturbation, while EdgeGaussians struggles to maintain
performance.

EGS

ESplats

σ = 0.1 σ = 0.5 σ = 1.0 Random Initialisation

Figure 4. Visualisation of results in Tab.2. We show that the re-
construction provided by EdgeSplats remains consistent with in-
creasing noise level on the initial points.

the first quantitative evaluation of edge-based reconstruc-
tion methods on such real-world data. The dataset com-
prises in-the-wild scenes with diverse geometry, illumina-
tion, and texture. Training views range from 10–100 im-
ages per scene, posing challenging conditions for 3D edge
reconstruction.

On many ETH3D scenes, EdgeGaussians exhibits sub-
stantial degradation, whereas EdgeSplats retains compet-

Scene EdgeGaussians [4] EdgeSplats
Chamfer↓ SSIM↑ CLIP↓ Chamfer↓ SSIM↑ CLIP↓

Bridge 31.7 0.50 4.88 35.7 0.62 4.22
Living Room 65.2 0.69 4.39 26.0 0.73 2.99
Office 85.4 0.71 3.88 40.3 0.80 2.20
Pipes 47.5 0.62 4.24 14.0 0.69 2.83
Terrace 15.9 0.63 3.29 20.0 0.67 3.43
Terrace 2 9.65 0.77 2.24 8.53 0.74 2.32
Lounge 57.5 0.59 4.40 13.1 0.67 3.11
Door 26.2 0.50 4.71 5.2 0.64 2.81
Terrains 9.19 0.73 2.44 16.6 0.71 3.02

Average 38.7 0.64 3.83 19.9 0.7 2.99

Table 3. Performance metrics on a variety of scenes from the
ETH3D dataset. Showing that on average EdgeSplats performs
more consistently than EdgeGaussians.

RGB EdgeGaussians EdgeSplats

Figure 5. Comparison of EdgeGaussians and EdgeSplats on the
’living room’ scene of ETH3D.

itive performance despite increased scene complexity, as
shown in Figs. 5, 6, 7. Given the absence of ground-truth
edge annotations, we adopt the same perceptual and struc-
tural measures as used in our Replica study - comparing to
the PidiNet edge images used in training of the edges. This
range of metrics provides baselines for perceptual similar-
ity, structural completeness, and accuracy.

For ETH3D, we adjust the clustering thresholds to ϵ =
0.065 for the two Gaussian clustering stages and ϵ = 0.1 for
line merging, while keeping the remainder of the pipeline
unchanged. While these values could be hand tuned for a
more optimal result on a per scene basis, we opt to keep
them constant, to keep in line with our claims of robustness.

For EdgeGaussians, no guidelines exist for ETH3D or
similar datasets; we therefore apply the same training pro-
tocol as used on Replica. EMAP is omitted, as the pub-
licly released implementation does not support evaluation
on custom datasets.

ETH3D Results While effective on some scenes, Edge-
Gaussians reconstructions are prone to visually collapsing
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RGB EdgeGaussians EdgeSplats

Figure 6. Comparison of EdgeGaussians and EdgeSplats on the
’bridge’ scene of ETH3D.

RGB EdgeGaussians EdgeSplats

Figure 7. Comparison of EdgeGaussians and EdgeSplats on the
’office’ scene of ETH3D.

into noise (Figs. 5, 6, 7). This highlights the difficulty of
transferring from synthetic to real-world data, whilst under-
scoring the robustness of EdgeSplats under such conditions.

We report quantitative results across a variety of scenes
in Tab.3 and show qualitative results on the ’bridge’, ’liv-
ing room’ and ’office’ scenes (we refer the reader to the
supplementary material for further results). While our
ETH3D reconstructions show higher levels of noise and
fragmentation than on the Replica scenes, EdgeSplats on
the whole achieves higher performance than EdgeGaus-
sians. These results demonstrate that EdgeSplats narrows
the gap between synthetic evaluation and real-world deploy-
ment, delivering reliable performance where earlier edge-
based Gaussian methods tend to fragment or collapse

Trained Gaussians EGS Fitted Edges ESplat Fitted Edges

Figure 8. Preliminary results on the Living Lab dataset [17]. A
dataset captured on an uncalibrated, handheld device, with esti-
mated points and poses from COLMAP. Highlighting the contrast
between EGS and EdgeSplats abilities to adapt to custom data.

4.3. Evaluation on Living Lab

We provide further qualitative results on the Living Lab
dataset [17], an additional example of an in-the-wild dataset
captured using a standard mobile phone. COLMAP is used
to estimate camera poses and generate initial points. As
shown in Fig.8, EdgeSplats is able to reconstruct coherent
edge structures in the scene, whereas EdgeGaussians suf-
fers from the ’tangled’ appearance present in the ETH3D
scenes.
4.4. Ablations

We conduct a series of ablation studies to validate the con-
tributions of each stage in our pipeline. We first provide a
breakdown of times of each stage of our pipeline, showing
that our largest increase in speed comes from our updated
clustering and edge fitting stage. Secondly, we investigate
the effect of the number training iterations on edge-aligned
Gaussians, and how this affects final clusters. Finally, we
verify the use of the line merging stage against simply clus-
tering intiail Gaussians.

Pipeline Times We show a breakdown of the overall
training times in Tab.4. For EdgeSplats and EdgeGaus-
sians, we break this into Gaussian training time and edge
fitting time. For EMAP we include the time taken to train
the UDF. While EdgeGaussians training time may be sev-
eral minutes faster than ours, our edge fitting stage—which
constitutes the practical inference cost of extracting usable
3D edge primitives from the trained representation—is on
average 150 times faster. This makes our overall pipeline
4-5 times faster than EdgeGaussians, and 30 times faster
than the neural counterpart, EMAP.

Training iterations vs. Gaussians As a further ablation
study, we demonstrate the effect of the number of Gaussian
training iterations on the output (Fig.9). We show that while
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Scene EdgeGaussians [4] EMAP [13] Ours
Tgauss Tedges Total Ttrain Tedges Total Tgauss Tedges Total

Room0 17:57 114:04 132:00 804:43 16:29 821:12 25:48 00:46 26:34
Room1 12:25 66:05 78:30 762:54 11:33 774:27 24:24 00:38 25:02
Room2 24:57 125:37 150:33 764:19 18:26 782:45 22:31 00:38 23:09

Mean 18:26 101:55 120:21 771:10 15:26 792:48 24:14 00:41 24:55

Table 4. Timing comparison across Replica scenes (in min-
utes:seconds).While EdgeGaussians training time is slightly faster
than ours, our edge fitting (i.e., the practical inference stage for ex-
tracting usable 3D edge primitives) is dramatically faster, resulting
in lower overall runtime.

7000 Iterations 15000 Iterations 30000 Iterations

Figure 9. We show the effects on produced clusters when train-
ing the underlying gaussians for varying numbers of iterations.
Lower iterations produce cleaner, but less complete reconstruc-
tions, while more iterations produce more complete, but noisier
results.

With MergingWithout Merging

Figure 10. Effects of line merging stage. It can be seen that there
are fewer duplicate edges, most notable around the table and win-
dow frames.

we train for 30k iterations, key structures form at around 7-
15k iterations. Clustering at these earlier stages produces
more appealing segments, at the cost of less complete rep-
resentations. We find that further training causes too much
local variation in Gaussians, and thus find that 30k is a suit-
able compromise.

Line merging We compare line segments before and af-
ter merging “mega-Gaussians.” The merging stage reduces
fragmentation and consolidates collinear structures, im-
proving the readability of the final topology. Figure 10
shows the changes are subtle, but noticeable, as it can be
seen that there are fewer duplicate fragments along the 3D
edges. While acceptable results can be obtained without
merging, the operation consistently cleans noisy outputs.

4.5. Discussion and Future Work

We have shown that EdgeSplats performs as well as the two
leading approaches, EdgeGaussians [4] and EMAP [13], in
3D edge reconstruction. We show that our method per-
forms consistently against EdgeGaussians on in-the-wild
data, and establish a new quantitative baseline for these
types of scene. We acknowledge that in scenarios where
the output of EdgeGaussians does not degrade into noise,
results are still impressive. Where EdgeSplats truly excels
is in its robustness to noise, faster runtime, and reduced
reliance on carefully tuned hyperparameters. We believe
EdgeSplats provides a practical and complementary option
for 3D edge reconstruction, helping to advance a research
area that remains comparatively underexplored.

Despite these strengths, there is still room for improve-
ment. A common challenge across all methods—including
ours—is the tendency for reconstructed edges to appear
fragmented or over-segmented. This is largely due to the
heavy reliance on, and noisy nature of the Gaussians pro-
duced during training on real-world data - a problem par-
tially tackled in [28]. Although our training pipeline makes
use of minimal modifications, and removes the need for di-
rectional losses between Gaussians, this design choice does
not preclude future improvements. For instance, integrat-
ing a dynamic graph that evolves during training may help
enforce global spatial or directional consistency and fur-
ther reduce edge segmentation artifacts. Recent advances in
neural SDFs [36] also suggest promising directions for re-
trieving more accurate edge Gaussians through hybrid neu-
ral–splatting approaches.

The fitted primitives are also not beyond further optimi-
sation, as seen in [31] which continues to improve the lines
and curves once initial estimates have been made.

5. Conclusion

In this work, we have presented EdgeSplats, a robust and ef-
ficient method for 3D edge reconstruction from in-the-wild
2D image data. By leveraging improvements made in [12],
our approach is capable of producing meaningful recon-
structions even under extreme noise conditions. A graph-
based clustering framework enables rapid edge fitting, mak-
ing EdgeSplats significantly faster and more resilient than
existing state-of-the-art methods.

Quantitative evaluations demonstrate that EdgeSplats
maintains high performance across a range of noisy initial-
isations, and varied datasets, while matching or exceeding
the accuracy of baseline methods under standard conditions.

The robustness and efficiency of our approach make
it particularly well-suited for real-world applications in
robotics and SLAM, and we hope this work serves as a
foundation for further advancements in Gaussian-based 3D
edge reconstruction.
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