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Abstract

3D edge reconstruction from posed multi-view images re-
mains a critical yet under-explored task. While 3D Gaus-
sian Splatting (3DGS)-based methods have recently achieved
promising performance, they face two main challenges. First,
edges exhibit clear discontinuities from the background, but
the intrinsic smoothness of Gaussian kernels makes it chal-
lenging to model such discontinuities. Second, due to the
absence of multi-view edge annotations, models are trained
with pseudo labels instead. These pseudo labels extracted
by pre-trained 2D edge detectors often exhibit cross-view
inconsistencies, leading to degraded performance. To ad-
dress these issues, we propose a novel uncertainty-aware 3D
edge reconstruction using Difference of Gaussians (DoG) as
kernels, called EdgeDoG. First, we incorporate DoG kernels
to model edge discontinuities explicitly. Second, we design a
dual-uncertainty strategy: primitive-level uncertainty is esti-
mated via multi-view Fisher information to eliminate noisy
3D primitives, while pixel-level uncertainty is computed from
gradients of rendered depth maps to reweight the training
loss, thereby compensating for inconsistent 2D pseudo la-
bels with robust 3D geometric cues. Extensive experiments
on diverse datasets demonstrate that our method achieves
superior performance compared to previous approaches.

1. Introduction
3D edge reconstruction [6, 35, 74] aims to identify and ex-
tract critical edge features from object surfaces, particularly
in regions with significant geometric discontinuities. This
process effectively reduces redundant information while
preserving essential structural details, enabling more effi-
cient and lightweight reconstruction. Unlike 2D edge detec-
tors [12, 66, 73, 82] trained on single-view images, 3D edge
reconstruction exhibits stronger robustness to illumination
variations and occlusions [35], benefiting from the comple-
mentary information across multiple views. Thanks to the
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Figure 1. Visualization of Difference of Gaussians (DoG). (a)
shows the input image from the ABC-NEF [72] dataset, (b) presents
the DoG result, which emphasizes the edges. (c) and (d) show
Gaussian-blurred versions of the input image using different σ
values. (e) plots the 1D profiles of the Gaussian and DoG curves,
demonstrating the sharper response of DoG.

informative and concise representation of geometric details,
the reconstructed 3D edges can be seamlessly integrated into
various downstream applications, including medical analy-
sis [52] as well as 3D modeling and animation [5, 23, 56].

Existing approaches [6, 35, 72] typically follow a two-
stage pipeline. They first use pre-trained 2D edge detec-
tors [48, 59] to extract pseudo-edge maps from multi-view
RGB images, and then fit a 3D model to the pseudo-edge
maps. For instance, NEF [72] constructs a neural edge field
from multi-view pseudo-edge maps and extracts parametric
curves as final edges. Similarly, EMAP [35] learns an edge
field using unsigned distance functions, from which edge dis-
tances and directions can be extracted. However, both NEF
and EMAP rely on Neural Radiance Fields (NeRF) [45] to
build neural representations, which requires extensive train-
ing time and makes real-time rendering infeasible. In con-
trast, 3D Gaussian Splatting (3DGS) [31] has recently gained
popularity for its ability to train within minutes and render
thousands of images per second. Building upon this suc-
cess, EdgeGS [6] integrates Gaussian shape and orientation
regularizations into the 3DGS training process, achieving
impressive performance on the 3D edge reconstruction.

However, 3DGS-based methods still face two key chal-



lenges. First, the inherent smoothness of Gaussian kernels
limits their ability to model discontinuities, which are es-
sential for accurate edge reconstruction [17, 50]. Second, in
the absence of multi-view edge annotations, pseudo labels
are generated independently for each image using 2D edge
detectors [48, 59]. This procedure introduces cross-view
inconsistencies, thereby producing noisy and less coherent
3D Gaussian representations.

To overcome these challenges, in this paper, we propose
a novel uncertainty-aware 3D edge reconstruction with Dif-
ference of Gaussians (DoG), called EdgeDoG. The intuition
behind our work is twofold. First, we propose replacing
the standard Gaussian kernels in 3DGS with DoG kernels, a
formulation better suited for capturing edge discontinuities.
Originally introduced for image-based edge detection [44],
DoG enhances edge detection by subtracting two Gaussian-
blurred versions of the input image with different standard
deviations. Recent works [30, 62] have further demonstrated
DoG’s effectiveness in modeling geometric discontinuities
in 3D scenes. As illustrated in Fig. 1, for an input image (a),
(c) and (d) show two blurred variants, while (b) shows the
resulting DoG response, which reveals clearer edges than
(c) and (d). Fig. 1(e) additionally illustrates that the DoG
curve responds more sharply to edges than the Gaussian
curve, demonstrating its inherent superior sensitivity to cap-
ture discontinuities. Thus, we replace the original Gaussian
kernels in 3DGS with a DoG-based formulation, enhancing
the ability to model abrupt geometric transitions at edges.

Second, we propose a novel dual-uncertainty strategy to
mitigate the negative effects caused by cross-view pseudo-
label inconsistencies. Specifically, we estimate the uncer-
tainties at both the pixel and primitive levels to explicitly
regularize training and improve reconstruction robustness.
At the pixel level, inconsistencies in 2D pseudo-edge labels
often arise from the lack of 3D spatial context. Therefore, we
compute the gradient magnitude of the rendered depth map
and use it to reweight the loss, leveraging this geometric cue
to compensate for the inconsistencies in 2D pseudo-labels
and reduce their negative impact during training. Mean-
while, primitive-level uncertainty is quantified based on the
multi-view Fisher information [32]. We maintain the most
confident primitives, which significantly reduces noisy prim-
itives caused by pseudo-label inconsistencies. Combining
these two uncertainty techniques, our approach effectively
reduces ambiguity and enhances the coherence of 3D edge
reconstruction. In summary, our contributions are as follows:

• We propose to integrate the Difference of Gaussians into
each Gaussian primitive to explicitly model discontinuities
commonly observed in edge regions, thereby enabling
more accurate learning of 3D edge points.

• We propose a dual-uncertainty strategy that estimates un-
certainties at both the primitive and pixel levels, reducing
the impact of ambiguous multi-view pseudo labels and

enabling more robust training.
• We conduct extensive experiments across four diverse

datasets. The results demonstrate the effectiveness and
generalizability of our proposed approach.

2. Related Work
3D edge reconstruction is closely related to surface recon-
struction, particularly through 3DGS-based methods. As
3DGS provides a powerful and efficient framework for sur-
face reconstruction, understanding its principles and recent
progress is crucial for advancing edge reconstruction. In this
section, we first review the core concepts and applications of
3DGS in general surface reconstruction, followed by recent
developments in 3D edge reconstruction.

Surface Reconstruction with 3DGS. 3DGS [8, 31] is
an emerging technique for 3D scene representation using
Gaussian primitives. While computationally efficient, it
struggles with high-quality geometry reconstruction due to
unstructured data and normal estimation ambiguities [11].
To address this, recent works propose integrating implicit
signed distance functions for joint surface optimization
(e.g., NeuSG [9], GSDF [76], GSurf [3], GS-Pull [79],
3DGSR [43]) and applying scale regularization for better
surface alignment (e.g., SuGaR [16], Gaussian Surfels [11],
ERankGS [27]). 2DGS [24] improves multi-view consis-
tency by projecting Gaussians to 2D. Other methods such
as RaDe-GS [78], GS2Mesh [64], and PGSR [7] enhance
depth rasterization, while depth and normal constraints are
adopted in works like Geo-3DGS [67], VCR-GauS [10], and
2DGS. Pre-trained geometric priors are utilized by GeoGaus-
sian [36], GSRec [65], and GausSurf [61]. Additionally,
GOF [77] and TrimGS [14] explicitly refine rendering via
ray-Gaussian intersection and alpha-blending computations.

3D Edge Reconstruction involves creating coherent 3D
edges from 2D multi-view posed pseudo edges. The first
effort, NEF [72], introduces a neural edge field that leverages
volumetric rendering of 2D edge maps, optimized through
sparsity, balancing, and 3D view consistency constraints to
reconstruct visible and occluded edges. LIMAP [39] is a
line-based 3D mapping system that integrates line-point as-
sociations, multi-view line triangulation with geometric pri-
ors, and joint optimization to robustly reconstruct structured
3D line maps. NEAT [68] proposes a rendering-distillation
pipeline employing neural fields to reconstruct structured 3D
line segments directly from 2D wireframe images, optimiz-
ing both neural representations and global junction percep-
tion without requiring explicit cross-view correspondences.
Similarly, EMAP [35] develops a neural implicit unsigned
distance function representation for 3D edges, addressing
class imbalance and occlusions with an importance-sampling
strategy. However, these implicit neural methods require
significant computational resource and training time. Ad-
dressing this efficiency challenge, EdgeGS [6] leverages
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Figure 2. The overview of our proposed EdgeDoG. Given posed RGB images, we first apply Structure-from-Motion (SfM) [53] to generate
initial point clouds and obtain pseudo-edge maps via a pre-trained edge detector. The point clouds initialize the positions and scales of
EdgeDoG, while other attributes (e.g., color, opacity) are randomly set. We then optimize EdgeDoG using an uncertainty-aware pixel-level
loss, where pixel-wise uncertainty is derived from the gradient magnitude of rendered depth and used to reweight the loss for robustness
against inconsistent pseudo-edge maps. Additionally, we model primitive-level uncertainty using multi-view Fisher information to identify
and prune unreliable primitives (red crosses). Training is supervised by pseudo-edge maps.

the fast rendering abilities of 3DGS by regarding the cen-
ters of Gaussians as edge points and their principal axes as
edge directions, optimizing these representations via scale
and directional constraints. LineGS [69] further improves
upon Gaussian-based initialization by mitigating common
issues such as positional bias, overextension, outliers, dupli-
cation, and discontinuities, achieving geometry-aware line
segment reconstruction. Additionally, PlanarSplatting [60]
reconstructs planar regions in indoor environments by repre-
senting each plane as a learnable 3D rectangular primitive
with optimizable center position, rotation, and size. 3D edge
reconstruction is closely related to 3D line and wireframe
reconstruction [39, 68], which focus on structured bound-
aries like line segments and junctions. While wireframe
methods from point clouds [20, 25, 26, 38, 40, 42, 75] offer
strong generalization, they rely on specialized datasets and
are beyond our scope.

Distinct from prior work, we adopt Difference of Gaus-
sians (DoG) instead of standard kernels to better capture
edge discontinuities. Additionally, we introduce uncertainty
modeling at both pixel and primitive levels to resolve incon-
sistencies in multi-view pseudo-edge maps, enabling sharper
and more robust 3D edge reconstruction.

3. The Proposed EdgeDoG
3.1. Revisit 3D Gaussian Splatting

Gaussian Splatting (GS) [31] represents scenes using a set
of 3D Gaussians G, each defined by a center µ ∈ R3, co-
variance Σ ∈ R3×3, color c ∈ R3, and opacity o ∈ R1. To
reduce memory and stabilize training, Σ is decomposed as
Σ = RSS⊤R⊤, with S being the diagonal of the scaling ma-
trix s and R derived from a quaternion r. Rendering involves
transforming µ and Σ to the camera frame via view matrix
W , projecting µcam = Wµ to 2D as µ′, and computing the

2D covariance Σ′ = JWΣW⊤, where J is the Jacobian of
the projection. Each Gaussian’s contribution αi to a pixel x
is based on its opacity and projected 2D Gaussian:

αi = oigi(x;µ
′,Σ′), gi(x;µ

′,Σ′) = e−
1
2 (x−µ′)⊤Σ′−1(x−µ′).

(1)
Pixel color C and depth d are rendered by alpha-blending:

C =
∑
i

ciαi

i−1∏
j=1

(1− αj), d =
∑
i

ziαi

i−1∏
j=1

(1− αj),

(2)
where Gaussians are sorted by camera depth zi, and the prod-
uct term represents transmittance. Rendering is supervised
by 2D ground truth using a loss combining L1 (pixel-wise
error) and D-SSIM [63] (perceptual similarity):

L = (1− λ)L1 + λLD-SSIM. (3)

To improve reconstruction, 3DGS dynamically updates
the number of Gaussians via densification (splitting, cloning,
pruning). Following EdgeGS [6], we adopt its adaptive
density control without further elaboration. We initialize
Gaussians using point clouds from SfM [53]. Only posi-
tions and scales are derived from these points, while other
attributes are randomly set.

3.2. 3DGS with DoG

In the context of 3DGS, traditional Gaussian kernels are
challenging to model sharp discontinuities, making them
suboptimal for accurately reconstructing 3D edges. To ex-
plicitly handle such discontinuities, we integrate Difference
of Gaussians (DoG) kernels into the 3DGS framework.

DoG is a classical and effective edge detection operator,
known for capturing regions with abrupt intensity changes
by highlighting high-frequency details and suppressing noise.
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Figure 3: Inconsistent pseudo edges extracted by the
PidiNet [54] edge detector on the Replica [53] Room 0 dataset.
The inconsistency is highlighted in red bounding boxes.

The DoG is a classical and e!ective edge detection operator,
known for capturing regions with abrupt intensity changes by high-
lighting high-frequency details and suppressing noise. As shown in
Fig. 1, it operates by subtracting two Gaussian-blurred versions of
the same input image—one blurred with a larger standard deviation
(𝐿1), and the other with a smaller one (𝐿2). Formally, for an input
image 𝑀 (𝑁), the DoG operation is de"ned as:

DoG(𝑁) = 𝑂𝐿1 (𝑁) → 𝑀 (𝑁) ↑𝑂𝐿2 (𝑁) → 𝑀 (𝑁), (4)

where 𝑂𝐿 (𝑁) is a Gaussian kernel with standard deviation 𝐿 , and
→ denotes convolution. This process provides an e#cient approxi-
mation of the Laplacian of Gaussian (LoG), signi"cantly reducing
computational complexity without compromising performance.

To integrate DoG into 3DGS, we extend each 3D Gaussian prim-
itive by introducing an additional shape parameter 𝑃 ↓ R2, where
each element independently modulates the scale of one Gaussian
kernel. More precisely, the original 2D projected Gaussian density
in Eq. 1 is replaced by the di!erence between two Gaussian densi-
ties with distinct scales. The "rst element of 𝑃 scales the covariance
matrix of the "rst Gaussian, and the second element scales the
covariance of the second one. The resulting DoG formulation is
de"ned as:

𝑄𝑀𝑁𝑂𝐿 (𝑁) = 𝑄𝑃 (𝑁 ; 𝑅↔, 𝑃1ω
↔) ↑ 𝑄𝑃 (𝑁 ; 𝑅↔, 𝑃2ω

↔), (5)
where 𝑃 = [𝑃1, 𝑃2]↗ ↓ R2.

By incorporating DoG, our method e!ectively emphasizes high-
frequency features corresponding to edges and boundaries, result-
ing in sharper and more accurate 3D edge reconstructions. This
approach addresses the inherent smoothing limitation of standard
Gaussian, which typically produces overly blurred edges, thus sig-
ni"cantly improving reconstruction quality, particularly around
object contours (Fig. 1 (b) v.s.(c)).

3.3 Dual-Uncertainty Modeling
For the 3D edge reconstruction task, pseudo labels are generated by
running 2D edge detectors on multi-view images. The variations
caused by illumination changes, viewpoint di!erences, and the
inherent sensitivity of edge detectors, result in inconsistent edge
detection predictions across di!erent views (as illustrated in Fig. 3),
and subsequently lead to noisy and less coherent 3D representa-
tions. To e!ectively handle these inconsistencies, we introduce a
dual-uncertainty modeling at both the primitive level and pixel
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level, aiming to quantify inconsistency and reduce its impact in our
reconstruction process.

Pixel-level Uncertainty Estimation. Edges often correspond
to signi"cant discontinuities between objects and backgrounds,
which often manifest as sharp changes in depth values. The depth
map, which cannot be perceived in 2D image space, can provide
complementary geometric cues to mitigate inconsistency learning
from the 2D pseudo-edge labels. Therefore, we exploit the ren-
dered depth maps from 3D reconstruction to estimate pixel-wise
uncertainty and guide more e!ective learning.

Speci"cally, we apply the Sobel operator to the rendered depth
map 𝑆 to compute gradient magnitudes along both horizontal and
vertical directions, which highlight regions with large depth dis-
continuities. By applying the Sobel operator to a depth map, we
can identify challenging regions with large depth gradients and
make the model focus on the reconstruction of these regions. The
uncertainty at each pixel (𝑁,𝑇) is then computed as:

𝑈𝑄 (𝑁,𝑇) = Norm !"#
√(

𝑉𝑆

𝑉𝑁

)2
+
(
𝑉𝑆

𝑉𝑇

)2'()
, (6)

where Norm(·) denotes min-max normalization to [0, 1].
The resulting uncertainty map, denoted as𝑈𝑄 , serves as a weight-

ing factor for the pixel-wise loss L1. Furthermore, following the
EdgeGS approach [5], we exclude the SSIM loss and instead incor-
porate direction and scale losses. The "nal objective function is
thus de"ned as:

L = 𝑊 (𝑅𝑀 )L1 + Lv + Ls, (7)

Lv = 1 ↑ 1
𝑋

!"
#
𝑆∑
𝑃=1

1
𝑃

𝑇∑
𝑈=1

++𝑌↗𝑃 𝑌𝑃 𝑈 ++'()
, Ls =

1
𝑋

𝑆∑
𝑃=1

𝑍
(2)
𝑃

𝑍
(1)
𝑃

, (8)

where Lv and Ls represent the direction and scale losses adopted
from EdgeGS [5], respectively. 𝑌𝑃 is the direction of the 𝑎-th edge
point, and 𝑏 is a hyperparameter indicating the number of neigh-
boring edge points considered. 𝑍 (1)𝑃 and 𝑍

(2)
𝑃 denote the largest

and second-largest scales within each primitive, respectively. As
illustrated in Fig. 2, the measured uncertainty mainly corresponds
to edge-related regions. Therefore, our uncertainty-weighted loss
function increases the contribution of uncertain (i.e., edge-related)
regions during training. This encourages the model to focus on
learning challenging yet informative structures, leading to more
robust edge reconstruction results.

4

Figure 3. Inconsistent pseudo edges extracted by the PidiNet [59]
edge detector on the Replica [58] Room 0 dataset. The inconsis-
tency is highlighted in red bounding boxes. The last row shows the
generated pixel-wise uncertainty maps.

As shown in Fig. 1, it operates by subtracting two Gaussian-
blurred versions of the same input image, where one is
blurred with a larger standard deviation (σ1), and the other is
with a smaller one (σ2). For an input image I(x), the DoG
operation is:

DoG(x) = Gσ1(x) ∗ I(x)−Gσ2(x) ∗ I(x), (4)

where Gσ(x) is a Gaussian kernel with standard deviation
σ, and ∗ denotes convolution. This process provides an
efficient approximation of the Laplacian of Gaussian (LoG),
significantly reducing computational complexity without
compromising performance.

To integrate DoG into 3DGS, we extend each 3D Gaus-
sian primitive by introducing an additional shape parameter
k ∈ R2 (Fig. 2), where each element independently mod-
ulates the scale of one Gaussian kernel. More precisely,
the original 2D projected Gaussian density in Eq. 1 is re-
placed by the difference between two Gaussian densities
with distinct scales. The first element of k scales the covari-
ance matrix of the first Gaussian, and the second element
scales the covariance of the second one. The resulting DoG
formulation is:

gDoGi
(x) = gi(x;µ

′, k1Σ
′)− gi(x;µ

′, k2Σ
′), (5)

where k = [k1, k2]
⊤ ∈ R2.

By incorporating DoG, our method effectively empha-
sizes high-frequency features corresponding to edges and
boundaries, resulting in sharper and more accurate 3D
edge reconstructions. This approach addresses the inherent
smoothing limitation of standard Gaussian, which typically
produces overly blurred edges, thus significantly improving
reconstruction quality, particularly around object contours
(Fig. 1 (b) vs. Fig. 1 (c)).

3.3. Dual-Uncertainty Modeling

For the 3D edge reconstruction task, pseudo labels are gen-
erated by running 2D edge detectors on multi-view images.

The variations caused by illumination changes, viewpoint
differences, and the inherent sensitivity of edge detectors,
result in inconsistent edge detection predictions across dif-
ferent views as illustrated in Fig. 3, and subsequently lead to
noisy and less coherent 3D representations. To effectively
handle these inconsistencies, we introduce a dual-uncertainty
modeling at both the primitive level and pixel level as shown
in Fig. 2, aiming to quantify inconsistency and reduce its
impact in our reconstruction process.

Pixel-level Uncertainty Estimation. Edges often cor-
respond to significant discontinuities between objects and
backgrounds, which often manifest as sharp changes in depth
values. The depth map, which cannot be perceived in 2D
image space, can provide complementary geometric cues to
mitigate inconsistency learning from the 2D pseudo-edge
labels. Therefore, we exploit the rendered depth maps from
3D reconstruction to estimate pixel-wise uncertainty and
guide more effective learning.

Specifically, we apply the Sobel operator to the rendered
depth map d to compute gradient magnitudes along both
horizontal and vertical directions, which highlight regions
with large depth discontinuities. By applying the Sobel
operator to a depth map, we can identify challenging regions
with large depth gradients and make the model focus on the
reconstruction of these regions. The uncertainty at each pixel
(x, y) is then computed as:

Up(x, y) = Norm

√(
∂d

∂x

)2

+

(
∂d

∂y

)2
 , (6)

where Norm(·) denotes min-max normalization to [0, 1].
The resulting uncertainty map, denoted as Up, serves as

a weighting factor for the pixel-wise loss L1. Furthermore,
following the EdgeGS approach [6], we exclude the SSIM
loss and instead incorporate direction and scale losses. The
final objective function is thus defined as:

L = exp(Up)L1 + Lv + Ls,

Lv = 1− 1

N

 N∑
i=1

1

k

q∑
j=1

∣∣n⊤
i nij

∣∣ ,Ls =
1

N

N∑
i=1

s
(2)
i

s
(1)
i

.

(7)
where Lv and Ls represent the direction and scale losses
adopted from EdgeGS [6]. ni is the direction of the i-th
edge point, and q is a hyperparameter indicating the number
of neighboring edge points considered. s(1)i and s

(2)
i denote

the largest and second-largest scales within each primitive.
As illustrated in Fig. 3, the measured pixel-wise uncertainty
mainly corresponds to edge-related regions. Therefore, our
uncertainty-weighted loss function increases the contribution
of those regions during training. This encourages the model
to focus on learning informative structures, leading to more
robust edge reconstruction results.



Table 1. The quantitative results on the ABC-NEF [72] dataset. We report recall (R), precision (P), F-score (F), accuracy (Acc), and
completeness (Com). R, P and F are calculated using different distance thresholds (e.g., R5 denotes recall with a 5mm threshold).

Method Model Detector Modal Acc↓ Comp↓ R5↑ R10↑ R20↑ P5↑ P10↑ P20↑ F5↑ F10↑ F20↑

Matching-based LIMAP [39]
LSD [21] Line 9.9 18.7 36.2 82.3 87.9 43.0 87.6 93.9 39.0 84.3 90.4
SOLD2 [47] Edge 5.9 29.6 64.2 76.6 79.6 88.1 96.4 97.9 72.9 84.0 86.7

NeRF-based
NEF [72]

PidiNet [59] Curve 15.1 16.5 11.7 53.3 93.9 12.3 61.3 95.8 12.3 51.8 88.7
DexiNed [48] Curve 21.9 15.7 11.3 48.3 93.7 11.5 58.9 91.7 10.8 42.1 76.8

EMAP [35]
PidiNet [59] Edge 9.2 15.6 30.2 75.7 89.5 35.6 79.1 95.4 32.4 77.0 92.2
DexiNed [48] Edge 8.8 8.9 56.4 88.9 94.8 62.9 89.9 95.7 59.1 88.9 94.9

Splatting-based
EdgeGS [6]

PidiNet [59] Edge 11.7 10.3 17.1 73.9 83.1 26.0 87.2 92.5 20.6 79.3 86.7
DexiNed [48] Edge 9.6 8.4 42.4 91.7 95.8 49.1 94.8 96.3 45.2 93.7 95.7

Ours
PidiNet [59] Edge 8.7 10.7 31.1 87.9 94.7 36.1 90.2 96.7 33.2 88.7 95.4
DexiNed [48] Edge 7.4 8.2 44.5 91.6 96.5 53.6 95.6 97.8 48.4 93.2 97.0

Primitive-level Uncertainty Estimation. For the 3D
edge reconstruction task, inconsistent 2D edge labels also
inevitably lead to the generated primitives containing noise.
To remove the noisy and less informative primitives, we
compute an importance score for each primitive during train-
ing. Recognizing that training is fundamentally a process
of accumulating reliable information, we leverage Fisher
information as our uncertainty metric for evaluating primi-
tives’ importance, which quantifies how much information
the observed data provides about model parameters [29].

Fisher information can be interpreted through the Hes-
sian of the negative log-likelihood with respect to model
parameters [32]. Directly computing this Hessian matrix
is computationally infeasible due to the complexity and
large number of parameters. To circumvent this issue, we
adopt a Fisher approximation approach following previous
work [19], which simplifies the Hessian calculation. Specifi-
cally, this approximation omits second-order terms by assum-
ing that the rendered image IG closely matches the ground
truth, thus yielding the approximated Hessian as follows:

H = ∇2
GL2 =

∑
ϕ∈Pgt

∇GIG(ϕ)∇GIG(ϕ)
T , (8)

where Pgt is all input poses set and ϕ denotes an individual
pose. ∇G denotes the gradient over all parameters on IG .

Directly calculating gradients for each primitive’s com-
plete set of parameters is still highly resource-intensive. In-
stead, we exploit the stored gradient information of gi in
Eq. 5 from the backward pass during the rendering pro-
cess [18], which contains geometric attributes (mean µ, ro-
tation r, scale s, and shape parameter k). Consequently, we
define the uncertainty for the i-th primitive as:

Ui = (∇giIG)
2. (9)

By calculating uncertainty scores for all primitives with
multi-view pseudo edge labels periodically, we sort these
primitives according to their importance. We then retain

the top p proportion with the lowest uncertainty (highest
confidence) and remove the less reliable ones. This strategy
effectively filters out noisy or inconsistent primitives, signifi-
cantly enhancing the robustness and accuracy of the final 3D
edge reconstruction results.

4. Experiments

4.1. Experiment Settings

Datasets. Following EMAP [35], we conduct quantitative
evaluations on ABC-NEF [72] and DTU [1], and qualitative
analyses on Replica [58] and Tanks & Temples (TNT) [33]
due to the lack of ground truth. ABC-NEF [72] contains
115 challenging CAD models from the ABC dataset [34],
with 82 models retained by EMAP [35] after filtering for
edge annotation consistency. Each model provides 50 ren-
dered views and ground-truth parametric edges. DTU [1]
consists of 80 indoor scenes captured with varying camera
configurations. EMAP selects 6 diverse scenes and gener-
ates pseudo-3D edge points by projecting ground-truth point
clouds and filtering them using multi-view consistent 2D
edge maps [4] with scene-specific thresholds. Replica [58]
offers 18 photorealistic indoor scenes; we use three room-
scale scenes with 100 rendered views each for qualitative
evaluation. TNT [33] provides real-world outdoor scenes
with HDR-scanned ground truth. EMAP selects four repre-
sentative scenes (barn, caterpillar, meeting room, and truck)
for visual comparison.

Evaluation Metrics. Following prior works [6, 35, 72],
we assess reconstruction quality using Precision, Recall, and
F-score at multiple distance thresholds in millimeters (mm).
For fair comparison with EMAP [35] and EdgeGS [6], we
convert predicted edges to parametric representations and
uniformly sample points along both predictions and (pseudo)
ground truth. We also report Accuracy (Acc) and Complete-
ness (Comp) in mm. Accuracy represents the average dis-
tance from predicted edge points to their nearest ground-truth



Image LIMAP [39] NEF [72] EMAP [35] EdgeGS [6] Ours GT

Figure 4. Visual comparisons with existing methods on the ABC-NEF [72] dataset.

points, while completeness measures the average distance
from ground-truth points to their nearest predicted points.

Implementation Details. We build on EdgeGS [6] as
our baseline, adopting its main experimental settings, in-
cluding learning rate, training epochs, direction and scale
loss weights, neighboring edge points q, and densification
strategy. As in EdgeGS, we fix color parameters to one. All
introduced shape parameters k are initialized to 0 with a
learning rate of 1× 10−4; we use a Sigmoid activation for
ABC-NEF and an exponential function for other datasets.
Primitive-level uncertainty masks are computed using Hes-
sian approximation every 50 epochs. To balance precision
and recall, we empirically set the Gaussian selection ratio p
to 0.9. All experiments are conducted using PyTorch [46]
on a single RTX 4090.

4.2. Comparison with State-of-the-Art

We compare our proposed EdgeDoG with the exsiting 3D
edge reconstruction methods, including matching-based
method LIMAP [39], NeRF-based methods, including
NEF [72], NEAT [68], and EMAP [35], as well as 3DGS-
based baseline, EdgeGS [6].

Results on the ABC-NEF Dataset. Table 1 and Fig. 4
provide quantitative and visual comparisons between our
proposed EdgeDoG and existing approaches, respectively.
Compared with EdgeGS [6], EdgeDoG achieves almost the
state-of-the-art results, particularly in terms of accuracy and
precision. Visually, EdgeGS [6] exhibit discontinuities or
noise, while EdgeDoG generates smoother and more contin-
uous reconstructions. This improvement comes from explic-
itly modeling edge discontinuities using the Difference of
Gaussians, which helps capture subtle curved features that
other methods tend to miss, especially in low-contrast or par-
tially occluded regions. In addition, EdgeDoG incorporates
uncertainty modeling, which reduces artifacts and ensures
more consistent results across different views.

EdgeDoG slightly underperforms EMAP under the strict
5 mm threshold, this is mainly due to the bias introduced by

thick 2D pseudo edges, which allow valid 3D primitives to
shift slightly away from the actual 3D edge positions. This
deviation impacts performance under small thresholds de-
spite the visual quality remaining high. LIMAP [39], while
performing well under small distance thresholds by leverag-
ing strong structural priors, sacrifices completeness by fo-
cusing mainly on prominent straight-line structures, leading
to unsatisfying visualized quality. Similarly, NEF [72] often
misses finer geometric details. In contrast, our proposed
EdgeDoG consistently produces more precise and complete
3D edge reconstructions than these baselines, effectively
balancing accuracy, completeness, and visual quality.

Results on the DTU dataset. Table 2 reports the quanti-
tative results on the DTU dataset. Our proposed EdgeDoG
consistently achieves the best or nearly the best performance
across all scans. Specifically, EdgeDoG improves the mean
recall from 84.6 to 86.7, the mean precision from 75.4 to
82.1, and the mean F-score from 78.6 to 84.0. Although
NEAT [68] obtains the highest precision on scan110, this
comes with significantly lower recall, leading to an overall
lower F-score than ours. This demonstrates that EdgeDoG
effectively balances precision and recall, delivering robust
and accurate 3D edge reconstructions.

Results on the Replica and TNT dataset. Due to the
lack of labels, we only show the visualized comparisons of
3D edge reconstructions for the Replica and TNT datasets as
shown in Fig. 5 and Fig 6. The visualizations are obtained
by sampling the parameterized curves at a resolution of
0.0001 and then projecting the sampled points onto the 2D
image plane. EMAP suffers from cluttered and overly thick
lines. Compared with EdgeGS, our proposed EdgeDoG can
produce more semantically meaningful edges.

4.3. Ablation Study

Our proposed method includes three key components: the
DoG kernel, primitive-level uncertainty, and pixel-level un-
certainty. To analyze their individual contributions, we con-
duct an ablation study on scan118 of the DTU dataset. The



Table 2. The recall (R), precision (P), and F-score (F) results of 3D edge reconstruction on the DTU [1] dataset.

Scan
LIMAP [39] NEF [72] NEAT [68] EMAP [35] EdgeGS [6] Ours

R5↑ P5↑ F5↑ R5↑ P5↑ F5↑ R5↑ P5↑ F5↑ R5↑ P5↑ F5↑ R5↑ P5↑ F5↑ R5↑ P5↑ F5↑

37 75.8 74.3 75.0 39.5 51.0 44.5 63.9 85.1 73.1 62.7 83.9 71.7 83.0 80.3 81.6 86.0 89.6 87.8
83 75.7 50.7 60.7 32.0 21.8 25.9 72.3 52.4 60.7 72.3 61.5 66.5 81.6 65.8 72.9 83.4 70.4 76.3

105 79.1 64.9 71.2 30.3 32.0 31.1 68.9 73.3 71.0 78.5 78.0 78.2 78.3 75.9 77.1 79.2 86.7 82.8
110 79.7 65.3 71.7 31.2 40.2 35.0 64.3 79.6 71.2 90.9 68.3 77.9 87.3 60.0 71.1 90.0 67.4 77.0
118 59.4 62.0 60.7 15.3 25.2 19.0 59.0 71.1 64.5 75.3 78.1 76.7 84.9 76.6 80.5 87.6 84.7 86.1
122 79.9 79.2 79.5 15.1 29.1 19.9 70.0 82.0 75.5 85.3 82.9 84.1 92.3 84.8 88.4 94.0 94.0 94.0

Mean 74.9 66.1 69.9 27.2 33.2 29.8 66.4 73.9 70.0 77.5 75.4 76.4 84.6 73.5 78.6 86.7 82.1 84.0
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Table 2: The recall (R), precision (P), and F-score (F) results of 3D edge reconstruction on the DTU [1] dataset.
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Figure 5: Qualitative comparisons on the Replica dataset. As illustrated, our method produces cleaner lines than EMAP. And
compared to EdgeGS, our lines are more continuous, especially around the borders of doors and windows.
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Figure 6: Qualitative comparisons on the Replica dataset. As illustrated, our method produces cleaner lines than EMAP. And
compared to EdgeGS, our lines are more continuous, especially around the borders of doors and windows.

and Fig 7. The visualizations are obtained by sampling the param-
eterized curves at a resolution of 0.0001 and then projecting the
sampled points onto the 2D image plane. EMAP su!ers from clut-
tered and overly thick lines. Compared with EdgeGS, our proposed
EdgeDoG can produce more semantically meaningful edges.

4.3 Ablation Study
Our proposed method includes three key components: the DoG
kernel, primitive-level uncertainty, and pixel-level uncertainty. To
analyze their individual contributions, we conduct an ablation study
on scan118 of the DTU dataset. The results are shown in Table 3.
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Figure 5. Qualitative comparisons on the Replica [58] dataset. As illustrated, our method produces cleaner lines than EMAP. And compared
to EdgeGS, our lines are more continuous, especially around the borders of doors and windows.
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Figure 6. Qualitative comparisons on the TNT [33] dataset.

results are shown in Table 3.

Table 3. The ablation study on the DTU scan118 [1] dataset.

DoG Primitive-level Pixel-level R5↑ P5↑ F5↑
86.8 76.6 81.4

✓ 86.7 80.9 83.7
✓ 87.3 78.8 82.9

✓ 88.5 79.1 83.5
✓ ✓ 86.7 84.1 85.4
✓ ✓ 88.6 80.5 84.4

✓ ✓ 87.6 80.0 83.6

✓ ✓ ✓ 87.6 84.7 86.1

Effectiveness of DoG for Modeling Discontinuities .

The DoG kernel explicitly models geometric discontinuities
along object boundaries, which is critical for edge reconstruc-
tion. As demonstrated in Table 3, incorporating the DoG
kernel into the baseline significantly improves the F-score
from 81.4 to 83.7. This indicates that explicitly modeling
edge discontinuities effectively enhances the detection of
fine structural details, improving both precision and recall
metrics. Combining with either primitive-level uncertainty
or pixel-level uncertainty can further boost the performance.

Effectiveness of Dual-uncertainty for Learning from
Inconsistent Labels. Primitive-level uncertainty helps ad-
dress inconsistencies in 3D primitive learning caused by
noisy or ambiguous labels across different views. By as-
signing a confidence score computed from multi-view Fisher
information, it removes noisy primitives. As shown in Ta-
ble 3, combining primitive-level uncertainty with either the
DoG kernel or pixel-level uncertainty consistently leads to
better performance than using each component alone. This
demonstrates its effectiveness in improving edge reconstruc-
tion by enhancing consistency and handling uncertainty.

Pixel-level uncertainty targets inconsistencies arising
from multi-view 2D pseudo-edge maps, where occlusions,
noise, or viewpoint differences cause labeling variations. We
can filter out uncertain or conflicting signals by assigning
confidence weights to each pixel-level pseudo edge label.
According to Table 3, introducing pixel-level uncertainty sig-
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Figure 7. The rendering results for the multi-granularity edge reconstruction. Our method can reconstruct 3D edges at different granularity
levels, supporting various task requirements and resource limitations. Particularly, compared with progressive learning (Level 0 → Level 1
→ Level 2), directly learning from a complex scene (Level 2) may miss some important details.

Table 4. F-score obtained from the DTU scan118 [1]

Weighted Function 1 exp(−Up) 1− Up Up exp(Up)

F-score 85.4 84.8 83.9 83.5 86.1

t

RGB images PidiNet [59]-guided DiffusionEdge [73]-guided

Figure 8. Rendering results supervised by different pseudo edges
on the Replica [58] Room 0 dataset.

nificantly boosts both recall and precision, indicating more
accurate edge detection. This result underscores its impor-
tance in generating cleaner 3D edge reconstructions.

Besides, our pixel-level uncertainty uses exp(Up) to em-
phasize the training from the edge-related regions. To verify
the effectiveness of this strategy, we compare the results of
different weighted loss functions shown in Table 4. The
result proves the effectiveness of our design.

4.4. More Precise Edge Detector

Clearly, the quality of pseudo edge labels significantly influ-
ences the edge reconstruction results. Although PidiNet [59]
and DexiNed [48] achieve strong performance, many ad-
vanced edge detectors [15, 22, 28, 37, 49, 70, 71, 73, 80]
have emerged recently in the field of edge detection. We
choose generative model-based DiffusionEdge [73] to ex-
plore its potential benefits for 3D edge reconstruction. Fig. 8
shows the reconstruction results obtained from both PidiNet
and DiffusionEdge models, where DiffusionEdge leads to
more complete and structurally consistent edge reconstruc-
tions compared to PidiNet because of better pseudo labels.

4.5. Multiple Granularity Edge Reconstruction

Recently, MuGE [81] introduced multi-granularity edge
detection to adaptively support diverse downstream tasks.
Several works, including GED [82], EDMB [37], and
SAUGE [41], have adopted this multi-granularity setting.
Similarly, multi-granularity edge information is also crucial
in 3D edge reconstruction. Motivated by recent advances
in level-of-detail representations [13, 51, 54, 55], we pro-

pose leveraging multi-granularity 2D pseudo-edge maps to
facilitate effective multi-granularity 3D edge reconstruction.

More specifically, multi-granularity 2D pseudo-edge
maps are constructed by DiffusionEdge trained with different
datasets, including instance-level NYUD [57], natural image-
level BSDS [2], and detailed building-level BIPED [48].
Then we conduct multi-granularity 3D edge reconstruction
based on LapisGS [55], which progressively constructs a
layered model, starting from the low-resolution base layer
(L0) and adding higher-resolution enhancement layers (L1,
L2). Here, we regard coarse instance-level edges as the base
layer and the detailed edges as the enhancement layer. Fig. 7
shows the multi-granularity reconstruction results on the
Replica [58] Room 0 dataset. We can see that our method
can not only reconstruct more visually plausible edges, but
also produce selective rendering according to the task re-
quirement and resource limitations. It is worth noting that,
compared with progressive learning (L0 → L1 → L2), di-
rectly learning from complex scene information (L2) may
result in the loss of important details.

5. Conclusion and Discussion

In this paper, we propose EdgeDoG, a novel approach tai-
lored explicitly for 3D edge reconstruction, effectively cap-
turing inherent edge characteristics. To address the dis-
continuities commonly found at edges, we integrated the
Difference-of-Gaussians (DoG) into the definition of each
Gaussian primitive within the 3DGS framework. Addition-
ally, we tackle the inconsistencies arising from multi-view
pseudo-edge maps by introducing a robust dual-uncertainty
strategy, encompassing both primitive-level and pixel-level
uncertainties. Our comprehensive experiments across di-
verse and challenging datasets demonstrate that EdgeDoG
achieves significant improvements, producing more precise,
consistent, and visually coherent 3D edges. These results
highlight the potential of explicitly modeling edge discon-
tinuities and uncertainty, opening promising avenues for
future research in high-quality 3D modeling.
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