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Abstract

We present a novel approach to enhance camera pose esti-
mation in global Structure-from-Motion (SfM) frameworks
by filtering inaccurate pose graph edges – representing rel-
ative translation estimates – before applying translation av-
eraging. In SfM, pose graph vertices represent images, and
edges represent relative poses (rotations and translations)
between cameras. We reformulate the edge filtering prob-
lem as a vertex filtering in the dual graph, specifically, a
line graph where vertices correspond to edges in the origi-
nal graph and edges correspond to cameras. Utilizing this
representation, we frame the problem as a binary classifica-
tion over nodes in the dual graph. To identify outlier edges,
we employ a Transformer-based architecture. To overcome
the challenge of memory overflow caused by converting to a
line graph, we introduce a clustering-based graph process-
ing approach, enabling our method to be applied to arbi-
trarily large pose graphs. Our method outperforms exist-
ing relative translation filtering techniques in terms of cam-
era position accuracy and can be seamlessly integrated with
other filters. The code is available at https://github.
com/DmblnNicole/LFOE-GlobalSfM .

1. Introduction

Generating 3D models from large sets of unordered images
is a significant challenge in computer vision and robotics,
with applications ranging from crowd-sourced mapping to
autonomous navigation. The leading approach for 3D re-
construction is Structure-from-Motion (SfM), which simul-
taneously estimates camera parameters and reconstructs a
3D point cloud [62]. SfM methods can be broadly catego-
rized into two types: incremental [29, 51, 56, 57, 66] and
global methods [15, 49, 58, 70].

Incremental methods sequentially integrate images into
the 3D reconstruction, achieving high accuracy through re-
peated numerical optimizations. Despite their precision,
these approaches are computationally intensive due to the
necessity of multiple bundle adjustment runs [60], mak-
ing them less practical for large-scale datasets. In con-
trast, global methods optimize the pose graph in a sin-

gle run, providing a faster and more scalable solution,
although the pose graph may be contaminated by noise.
While global methods are generally considered less accu-
rate than incremental techniques [14], they offer promising
ways for rapid 3D model reconstruction. Recent advance-
ments, such as GLOMAP [49], have demonstrated the scal-
ability and efficiency of such approaches, achieving state-
of-the-art runtimes and accuracies comparable to those of
COLMAP [51]. In this paper, we focus on global strategies
and present an algorithm designed to enhance camera posi-
tion estimation by using a Transformer-based technique to
filter out outlier edges within the pose graph.

Global methods begin by identifying image pairs with
overlapping fields of view, using image retrieval techniques
like visual bag-of-words [21] or NetVLAD [1]. Subse-
quently, relative pose estimation is run using robust meth-
ods like RANSAC [22] or its state-of-the-art variants [6, 8].
Once camera rotations are established, translations are es-
timated while keeping rotations fixed, leading to the gen-
eration of a 3D point cloud. Finally, bundle adjustment is
applied to refine the 3D model and camera parameters.

Translation averaging, also known as synchronization,
is a well-studied problem [4, 25, 30, 44, 48, 61, 64, 72]
and remains one of the most challenging aspects of global
SfM pipelines. It is typically formulated as an optimization
that seeks consistency of the estimated relative translations
and the unknown global camera positions. A core difficulty
arises from the absence of known translation scales, making
it difficult to distinguish between short and long translations
based solely on angular measurements. Noise significantly
impacts the process, especially for short translation edges,
which are more likely to become outliers. Moreover, esti-
mating robust relative translations from image pairs is gen-
erally less stable than estimating rotations [8]. These chal-
lenges highlight the importance of filtering outlier transla-
tion edges to simplify the translation averaging problem.

In contrast, translation filtering has not been explored
as extensively as averaging. 1DSfM [64] proposed a the-
oretical method for discarding outlier edges, but despite its
solid theoretical foundation, it has been found to offer only
marginal benefits in practice [41]. A recent effort [41] shifts
focus from outlier filtering to eliminating camera configu-
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Figure 1. Learned outlier filtering takes pose graph G, where nodes represent images Ij with known orientations Rj and edges relative
poses (Rjk, tjk). To avoid memory issues, G is clustered into subgraphs Gi. Each Gi is converted into its line graph L(Gi), where images
become edges and edges images. Each edge in L(Gi) is equipped with the camera orientation and image embedding [47], and each vertex
with the relative pose. Finally, a Graph Neural Network predicts inlier/outlier labels for vertices in L(Gi) that are used to filter edges in G.

rations that are detrimental to translation averaging, specifi-
cally those involving camera triplets in quasi-linear motion.

This paper presents a learning-based pipeline designed to
identify outlier edges within a pose graph of relative trans-
lations. Our approach, illustrated in Fig. 1, transforms the
pose graph into a line graph, where cameras become edges
and relative translations become nodes. This setup frames
outlier detection as a binary classification task, with each
node classified as an inlier or outlier using a Transformer-
based architecture. To address the increased memory re-
quirements of transforming the pose graph into a line graph,
we introduce a graph clustering approach. This enables our
method to scale to graphs of any size. We evaluate the
method on several large-scale real-world datasets, demon-
strating substantial improvements in camera position esti-
mation compared to the baseline outlier filter, 1DSfM [64].
Furthermore, when combined with the recent degeneracy
filter [41], our method achieves the best results across all
tested accuracy metrics and datasets.

2. Related Work

Global Structure-from-Motion reconstructs the scene in
3D and obtains the global camera poses by integrating
relative pose estimates between image pairs. Predomi-
nantly, this integration is achieved through subsequent ro-
tation [44, 46] and translation averaging [72], though some
studies have opted to perform averaging within SE(3) [15].
Following the determination of rotations, the method pro-
ceeds to obtain translations and structural details that are,
finally, jointly optimized by bundle adjustment. Several

open-source frameworks support global Structure-from-
Motion, including Theia [58], GLOMAP [49] and Open-
MVG [45]. We have incorporated our relative translation
filtering method into GLOMAP and Theia, keeping the rest
of the pipelines unchanged. Nonetheless, our advancements
are versatile and not restricted to a particular pipeline.

Rotation averaging has a long history. Govindu [25] lin-
earizes the problem using a quaternion representation, while
Martinec and Pajdla [43] simplify it by omitting certain
non-linear constraints. Wilson et al. [65] examine the con-
ditions that make the problem tractable. Eriksson et al. [20]
solve it via strong duality. Semidefinite programming-based
relaxation approaches [2, 23] provide optimality guarantees
by minimizing the chordal distance [28]. Dellaert et al. [18]
sequentially lift the problem into higher-dimensional rota-
tions SO(n) to avoid local minima where standard numer-
ical optimization techniques may fail [38, 42]. To handle
outliers in relative rotations, various robust loss functions
have been investigated [10, 11, 27, 55, 69].

The objective of translation averaging is to determine the
absolute camera positions by leveraging estimated pairwise
unscaled relative translations. Govindu [25] approaches
this by minimizing the cross-product of input and derived
directions. Jiang et al. [30] utilize geometric constraints
of triangle formations among camera triplets. Moulon et
al. [44] suggest a solution minimizing a relaxed problem
via the L∞ norm. Wilson et al. [64] reduces the discrep-
ancy between input directions and those deduced from ab-
solute translations. Tron et al. [61] minimize squared rel-
ative displacements in a distributed framework. Ozyesil et
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al. [48] introduce the Least Unsquared Deviations (LUD)
method to extend [61], incorporating L1 loss, framing the
problem within a convex program. Arrigoni et al. [4] mini-
mize the squared error from the orthogonal projection of es-
timated relative translations onto the input directions. Simi-
larly, Goldstein et al. [24] minimize orthogonal projections
through ADMM, adopting L1 loss for robustness. Zhuang
et al. [72] relax the cost metrics from [64] by aligning esti-
mated relative translations with observed directions. Other
methods include leveraging two- and three-view camera ge-
ometry [2, 26, 44], determining edge scales via cycles in
a network before solving for absolute translations [3, 5],
employing point correspondence constraints [13, 16], re-
fining directions iteratively [40], averaging matrices from
two-view geometries [32, 33], and making use of the ma-
trix structure resulting from pairwise displacements [19].
GLOMAP [49] proposes to replace translation averaging
with global positioning, ignoring the estimated relative
translations entirely. While these algorithms are crucial to
getting accurate camera positions, they often fail due to de-
generacies and outliers in the estimated pose graph.

Pose graph filtering serves as a strategy for removing in-
accurate relative poses, thereby eliminating outliers to en-
hance the robustness of pose averaging. Since translation
averaging tends to be more prone to noise and outliers than
rotation estimation in practice, most filtering methods as-
sume the rotations to be pre-estimated and focus on transla-
tions. Zach et al. [68] introduce a method to exclude outlier
edges based on loop consistency. 1DSfM [64] involves pro-
jecting relative translations onto randomly selected 3D di-
rections and then evaluating discrepancies within this one-
dimensional subspace. This random projection is iterated
multiple times to accumulate instances of inconsistency for
each edge. Such accumulated inconsistency metrics are
then employed to eliminate discordant edges across mul-
tiple random projections. Shen et al. [53] focus on identify-
ing and retaining a subset of reliable edges to ensure strong
connectivity among cameras. The more recent study by
Manam et al. [41] highlights that the main issue often lies
not with the outlier edges themselves but with edges that
contribute to forming skewed triangles, which can lead to
degenerate conditions in translation averaging. Our method
focuses on filtering outlier edges and can be straightfor-
wardly combined with any other filters, such as [41].

Recently, learning-based approaches have emerged, pri-
marily to solve the rotation averaging problem. Neu-
RoRa [50] introduces a dual-network system: one for clean-
ing the view graph of relative rotations and another for fine-
tuning, optimizing absolute orientations derived from the
cleaned graph. MSP [67] proposes an end-to-end frame-
work that optimizes orientations using multiple measure-
ments and incorporates neighborhood information. PoGO-
Net [39] presents a novel pose graph optimization (PGO)

strategy implemented through a Graph Neural Network,
aiming to estimate camera orientations accurately. DMF-
synch [59] utilizes a matrix factorization technique for pose
extraction. While these methods show promising results,
they primarily focus on rotation estimation. Contrarily, we
argue that rotation averaging, in practice, tends to be sig-
nificantly more accurate than estimating camera positions.
Consequently, our work concentrates on enhancing transla-
tion averaging by filtering outlier relative translation edges.
We employ a line graph representation to frame outlier fil-
tering as a binary node classification problem. Line graphs
have been used in Graph Neural Networks for link predic-
tion where edges in the original subgraph around two ver-
tices are converted into nodes to better capture structural
relationships [9]. In contrast, we leverage the line graph
representation for classification in Structure-from-Motion
to filter the pose graph from potential outliers.

3. Filtering Outlier Edges in a Pose Graph
Problem Statement. Suppose we are given a set of images
I and a pose graph G = (V, E), where V ⊆ I denotes the
images (or views) in the graph, and E = {(vi, vj) | vi, vj ∈
V} represents the edges between views. We define a map-
ping T : E → SE(3) such that T (vi, vj) = (R, t) is the
estimated relative transformation from view vi to vj , where
(vi, vj) ∈ E , R ∈ SO(3) is the relative rotation, and t ∈ R3

is the unit-length relative translation vector (t⊤t = 1). The
construction of the pose graph G, a preliminary step in both
global and incremental SfM methods, involves image re-
trieval, feature detection and matching, and robust two-view
geometry estimation [7, 52]. An overview of global SfM
pipelines is depicted in Fig. 2.

After constructing the initial pose graph G, methods typ-
ically proceed as follows. First, two-view geometries are
filtered, e.g., by discarding edges with an insufficient num-
ber of inliers (e.g., fewer than 30 [58]). Next, rotation
averaging is performed – using, for instance, the robust
method of Chatterjee et al. [10] – to determine the abso-
lute camera orientations independently of their positions.
Rotation averaging generally achieves higher accuracy than
position averaging, with errors typically within a few de-
grees [39]. Therefore, for the remainder of this paper, we
assume known camera orientations Rv for all v ∈ V and
focus on estimating the global camera translations tv .

In global SfM, following rotation averaging, translations
are re-estimated based on the fixed orientations. Outlier
edges are then filtered to ensure consistency or eliminate
degeneracy, e.g., by projecting onto 1D subspaces [64] or
identifying degenerate motions [41]. Subsequent steps in-
clude translation averaging to derive camera positions from
the refined pose graph, triangulating points to obtain a point
cloud, and performing bundle adjustment to jointly opti-
mize all parameters by minimizing reprojection errors.
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Figure 2. In global Structure-from-Motion, an image collection is fed into the initialization phase that selects overlapping image pairs,
performs feature detection and matching, and, finally, obtains relative poses via homography (H), essential (E) and fundamental matrix (F)
estimation. Next, rotation averaging runs to obtain the global camera orientations. Then the pose graph edges are filtered to remove outliers
(e.g., by 1DSfM [64] or the proposed method) or degenerate configurations [41]. Translation averaging obtains the camera positions from
the filtered graph with fixed orientations. Finally, the 3D structure is triangulated, and bundle adjustment optimizes all parameters jointly.

Line Graph Representation. In this paper, we aim to learn
a filter θ : E → {0, 1} that identifies each edge (represent-
ing a relative translation estimate) as an inlier (1) or outlier
(0). To achieve this, we utilize a Graph Neural Network
(GNN). While directly learning an edge classifier is feasi-
ble [35], we observed that it yields unstable results, often
leading to excessive edge removal from the pose graph and,
consequently, significant loss of cameras crucial for the 3D
reconstruction. To mitigate this issue, we propose convert-
ing the pose graph G into its line graph L(G).

Line graph L(G) is constructed from the original graph G
by representing each edge in G as a vertex in L(G). Specif-
ically, if G = (V, E), then L(G) = (VL, EL), where each
vertex vij ∈ VL corresponds to an edge (vi, vj) ∈ E . Two
vertices vij and vkl in L(G) are connected by an edge if and
only if their corresponding edges in G share a common ver-
tex, i.e., {vi, vj} ∩ {vk, vl} ≠ ∅. Mathematically, the edge
set EL of L(G) is defined as follows:

EL = {(vij , vkl) | (vi = vk∨vj = vl)∧(vi, vj), (vk, vl) ∈ E}.

This allows us to reformulate edge classification in G as
vertex classification in L(G), facilitating the application of
vertex-focused GNN architectures for outlier detection.
Outlier Filtering with a GNN. In the pose graph repre-
sented as line graph L(G), we attribute to each vertex – cor-
responding to an edge in the original graph – the estimated
relative pose, consisting of a 3D rotation and an unscaled
translation. Two vertices (vi, vj) and (vj , vk) in the line
graph L(G) are connected by an edge if they share a com-
mon node in the original graph. We assign the edge between
(vi, vj) and (vj , vk) in L(G) two features concatenated into

a single vector: The 3D global orientation Rvj of the shared
node and the corresponding image embedding dvj .

We observed that leveraging context from the images
helps to recognize outlier edges. We obtain the embed-
dings dvi and dvj using DINOv2 [47], which yields 384-
dimensional image embeddings. Consequently, the con-
catenated feature embedding vector assigned to each ver-
tex in L(G) is of dimension 393. DINOv2 features capture
the content of images, so neighboring images should have
similar features, allowing the incorporation of high-level in-
formation directly into the view graph. If two images are
connected in the graph, we expect them to have overlapping
views and, thus, similar DINOv2 features [34, 63]. Often,
such descriptors are already available from running image
retrieval at the beginning of the SfM pipeline.

Next, we discuss the network structure. Our Graph
Neural Network employs three TransformerConv lay-
ers with ReLU activations and dropout operations (with
a probability of 0.3) and has 35,992 parameters in total.
The TransformerConv is a Graph Convolutional Net-
work (GCN) layer enhanced with a self-attention mecha-
nism. It integrates edge attributes in the computation of the
attention coefficients and in the node update process. The
TransformerConv operator [54] is implemented in the
PyTorch Geometric Library. The node update mechanism,
detailed in Eq.1, combines the transformed representation
of the current node xi with aggregated information from
its neighboring ones j ∈ N (i) and the connecting edges
eij . The contribution of each neighbor xj and edge eij to
the updated state x′

i of the node is modulated by the atten-
tion coefficient αij , calculated using a scaled dot-product
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attention mechanism. This attention framework, outlined in
Eq. 2, leverages the query W3xi, the key W4xj , and the di-
mensionality of hidden channels d, with transformed edges
W6eij enriching the key:

x′
i = W1xi +

∑
j∈N (i)

αi,j(W2xj +W5ei,j), (1)

where the attention weights αij are determined as:

αi,j = softmax

(
(W3xi)

T(W4xj +W5ei,j)√
d

)
. (2)

In the last layer, we employ a gated residual connection to
prevent over-smoothing [54]. A parameter βi is learned that
controls how much of the previous and aggregated represen-
tations contribute to the final representation:

x′
i = βiW1xi + (1− βi)

( ∑
j∈N (i)

αij(W2xj +W5ei,j)︸ ︷︷ ︸
mi

)
, (3)

where βi = sigmoid
(
W T

6 [W1xi,mi,W1xi −mi]
)
.

Graph Clustering. Converting the graph G to L(G) may
require a large amount of memory, depending on the con-
nectivity of G. Specifically, the edge number in the line
graph |EL| is quadratic in the node degrees of G as:

|EL| =
1

2

∑
v∈V

deg(v)2 −m, (4)

where m is the node number in L(G) and v is the original
graph’s vertices. This property often leads to a memory ex-
plosion in large and well-connected graphs, preventing the
execution of the proposed classification network.

To overcome this issue, we employ a graph clustering
technique [12] to partition the graph G before its conver-
sion to the line graph L(G). This clustering allows us to
control the maximum number of edges in the line graphs
and, thus, the maximum storage requirements of the pro-
posed method. The approach involves partitioning G into k
clusters, {C1, C2, . . . , Ck}, where each cluster Ci contains
a subset of vertices from V . This partitioning is designed
to minimize the inter-cluster edge cut while balancing the
cluster sizes. Formally, the objective is to solve:

min

k∑
i=1

cut(Ci,V \ Ci), (5)

where cut(Ci,V \Ci) denotes the total weight of edges that
connect cluster Ci to the rest of the graph. We set the edge
weights equal to the number of inliers found by RANSAC
for the corresponding relative pose, which proved to be a
good indicator of edge quality. During inference, an edge
may belong to multiple subgraphs, thus receiving more than
one inlier/outlier vote. To make a final decision, majority

voting is applied. The algorithm is further detailed in the
appendix supplementary material.

The resulting clusters are then processed separately.
Each cluster Gi = (Vi, Ei) is converted to its line graph
L(Gi), significantly reducing the memory requirements
compared to converting the entire graph G. This clustering-
based approach mitigates the memory explosion problem
while preserving the essential topological and connectivity
information from the original graph, enabling the effective
application of the proposed classification network on large
and densely connected graphs.

4. Experiments
Implementation. Our filter is incorporated both in the
GLOMAP [49] and Theia libraries [58], using their default
settings. In both pipelines, relative pose estimation is per-
formed using LO+-RANSAC [37]. The method of Chat-
terjee et al. [10] performs rotation averaging. GLOMAP
uses the BATA loss [72] to estimate the camera positions,
while Theia employs the LUD algorithm [48]. Even though
GLOMAP performs global positioning instead of transla-
tion averaging, the proposed filtering still applies before
the positioning step, removing edges from the pose graph.
For calculating the error metrics, the reconstructions are ro-
bustly aligned to reference data using RANSAC.
Baselines. Our method is compared with various translation
filters within the same framework, including:
1. No filter: Translation averaging without any filtering.
2. MSAC score: To emulate the process proposed in [40],

we assign a weight to each point correspondence by cal-
culating the MSAC score from its Sampson error, given
the estimated relative pose. The weight of an edge is the
sum of these weights, similar to the approach in [40].
We filter edges by removing those with a score lower
than 30. Note that we cannot use the weights directly
from [40] as they require absolute camera positions.

3. 1DSfM: Utilizes the filter from [64] to eliminate incor-
rect translations through projections into 1D subspaces.

4. Triangle: Employs a filter from [41] targeting the re-
moval of degenerate triplet configurations rather than
outliers. This method can be straightforwardly com-
bined with the proposed one, as we will demonstrate.

5. CleanNet: An outlier detection network that filters out-
liers in the initial stage of the NeuRoRA framework [50].

6. Oracle: Shows the potential maximum accuracy of an
ideal filter by excluding translations with errors exceed-
ing 20◦ (Theia) and 10◦ (GLOMAP) w.r.t. ground truth.
Note that while the accuracy of Oracle may be the upper
bound without outliers, it can be surpassed by removing
degenerate configurations.

Datasets. Evaluations were conducted on the 1DSfM [64],
PhotoTourism [56], and ScanNet [17] datasets. The 1DSfM
dataset, encompassing 15 landmark scenes with internet-
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Table 1. Mean position errors in meter and recall thresholded at 10m for reconstructions by Theia [58] on the 1DSfM dataset [64], using
only default filters (w/o Filter), MSAC score [40], CleanNet [50], Triangle filter [41], 1DSfM [64], 1DSfM combined with Triangle filter,
and our proposed method, both standalone and in conjunction with Triangle filter. Additionally, the results of the Oracle filter, removing
all outlier translations, are presented. On M. N. Dame, [40] and our method could not be aligned with the COLMAP reconstruction for
evaluation due to reconstructing a different set of cameras. Best results are in bold, and the second-best ones are underlined.

Scene Alamo E. Isl. Gendar. M. Metro M. N. Dame NYC Lib. N. Dame P. del Pop. Piccad. R. Forum T. of London Trafal. U. Square V. Cath. Yorkm. AVG

Mean position error (↓)

Oracle 7.69 20.91 41.38 23.24 6.37 5.25 4.83 17.77 12.49 18.54 30.43 2082.17 17.08 13.06 10.83 164.69

w/o Filter 10.99 96.48 46.44 30.61 8.52 17.43 5.44 20.38 17.45 25.39 53.18 1749.00 29.68 18.14 39.47 154.29
MSAC score 11.07 96.56 48.95 30.10 – 21.54 5.46 19.18 17.01 25.57 99.22 1762.31 30.30 18.24 38.18 158.83
CleanNet 10.86 96.84 54.48 29.94 8.61 16.29 5.45 19.10 17.16 25.50 48.51 1763.33 30.41 17.74 42.43 155.57
Triangle 6.66 19.82 46.38 21.75 6.08 6.36 5.45 18.56 11.06 22.15 36.57 78.22 14.95 13.86 14.78 22.61
1DSfM 11.02 96.46 49.87 30.28 11.10 17.36 5.46 19.11 17.73 27.53 55.97 1742.24 29.71 18.86 37.28 154.21
1DSfM+Tri. 6.77 19.87 51.18 23.02 9.77 6.01 5.32 19.26 9.69 23.95 41.78 75.03 14.75 13.74 16.34 23.34
Ours 10.80 23.69 42.89 27.80 – 10.81 5.44 19.00 16.90 23.57 39.80 73.07 27.43 16.29 40.03 26.97
Ours+Tri. 6.62 21.56 43.85 19.95 – 6.06 5.29 19.16 10.90 21.18 29.08 73.29 14.18 14.02 10.95 21.15

Position Recall@10m (↑)

Oracle 76.74 45.34 28.45 38.03 79.55 88.94 89.39 50.12 80.51 48.87 34.83 8.93 61.17 59.69 77.98 56.36

w/o Filter 65.18 37.28 13.53 25.12 77.73 49.63 87.43 37.38 64.51 35.29 19.90 13.04 40.22 41.65 23.83 39.57
MSAC score 65.05 37.28 21.24 23.24 – 52.58 87.43 37.74 64.66 34.46 4.48 14.28 37.29 39.59 23.47 38.77
CleanNet 66.36 38.70 15.93 25.12 75.30 52.33 87.13 37.62 65.29 34.23 19.07 6.96 37.60 41.75 25.27 39.53
Triangle 69.78 44.39 7.96 28.64 71.05 75.18 87.06 38.09 64.88 37.76 23.05 14.76 41.91 42.27 49.10 44.18
1DSfM 65.44 37.28 17.32 23.71 64.57 49.63 87.13 37.38 63.73 28.45 17.25 5.41 41.76 41.03 23.10 38.47
1DSfM+Tri. 68.46 42.81 18.84 28.17 69.64 72.24 87.06 37.50 61.94 30.93 14.93 15.15 42.99 41.24 43.68 43.28
Ours 64.91 41.55 14.16 25.59 – 60.44 87.06 38.92 65.85 32.06 20.9 15.27 40.06 35.26 28.88 40.78
Ours+Tri. 68.46 36.65 18.33 29.11 – 70.76 87.21 35.14 63.58 33.33 25.04 15.49 42.37 42.27 54.15 44.42

Table 2. Median position errors in meters and recalls of
GLOMAP [49], on the 1DSfM dataset [64], using only its default
filters and when combined with the proposed method.

Filtering Median position error (↓) Position Recall@10m (↑)

Default 9.56 59.39
Default + Ours 8.59 61.68

Oracle 7.41 68.69

sourced photos, includes two-view matches, epipolar ge-
ometries, and a reference incremental SfM reconstruction
(via Bundler [56, 57]) for error analysis. Given that Bundler
is now considered outdated, we generated new reference re-
constructions using COLMAP [52]. To ensure that the re-
construction is approximately metric, we robustly align it
with the provided Bundler reconstruction. The scenes used
for the PhotoTourism dataset are based on the CVPR Im-
age Matching Challenge 2020 [31]. These scenes are non-
metric; thus, the reported position errors are not in meters.
The ScanNet dataset [17] consists of 1,613 monocular se-
quences with ground truth poses and metric depth. To eval-
uate relative translation filters, we utilize the same six se-
quences as those used by Zhu et al. [71].
Training. We trained the proposed method on scene Pi-
azza San Marco from the PhotoTourism dataset, compris-
ing 249 images and 10,295 view graph edges from Theia
in total. We use the COLMAP reconstruction to provide
target inlier/outlier labels. We label a relative translation
an outlier if its error is higher than 20◦ in Theia, leading
to 4,418 outlier edges and good performance in our exper-
iments. We train the same model on the pose graph gen-
erated in GLOMAP. Here we use a threshold of 10◦ for
outlier translations which leads to 6,395 outlier edges in Pi-

azza San Marco pose graph of 12,755 edges. As the val-
idation set, we use scene Taj Mahal. We exclude these
scenes from the main experiments. The model is trained
for 300 epochs, with a learning rate of 0.009, using Bi-
nary Cross Entropy Loss, weight decay of 5 × 10−4, and
the Adam optimizer [36], on three subgraphs shuffled dur-
ing training. We use this model in all experiments and on
all datasets, demonstrating the generalization capabilities of
the proposed method. Specifically, we train it on a single
outdoor scene and test it on three large-scale datasets with
significant domain gaps (indoor/outdoor), showing that it
performs accurately across different noise and outlier dis-
tributions. We performed hyper-parameter tuning for the
baselines on the same training data for a fair comparison.
The metrics include mean position errors and recall rates
at thresholds of 1, 5, and 10. We report the mean error as
it clearly shows large failures in the reconstruction. We in-
clude recall as a robust metric to show the accuracy of the
well-reconstructed cameras. Other metrics are reported in
the supp. mat. To make the recall rates fair across methods,
we consider the reconstructed cameras after applying the
Oracle filter and calculate the accuracy on these ones. For
each camera missing from the reconstruction with a par-
ticular filter, we consider the error to be infinity for recall
calculation. On 1DSfM and ScanNet, the errors are in me-
ters, as the reference is a metric reconstruction. There, we
report the recall thresholded at 10 and 1 meters. On Photo-
Tourism, the errors have no units; thus, we report the recall
at a threshold of 5, chosen to make the results meaningful.
1DSfM. Results on the 1DSfM dataset are shown in Ta-
ble 1. The proposed filtering significantly surpasses the
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Table 3. Mean position errors and recall thresholded at 5 for reconstructions by Theia [58] on the PhotoTourism dataset [56], using
unfiltered relative translations (w/o Filter), MSAC score [40], CleanNet [50], Triangle filter [41], 1DSfM [64], 1DSfM combined with the
Triangle filter, and our proposed method, both standalone and in conjunction with the Triangle filter. Additionally, the results of the Oracle
filter, removing all outlier translations, are also presented. The best results are shown in bold, and the second-best ones are underlined.

Scene B. Museum F. Cathedral L. Memorial M. Cathedral M. Rushmore Reichstag Sacre Coeur S. Familia St. P. Cathedral St. P. Square AVG

Mean position error (↓)

Oracle 2.15 1.19 1.22 1.87 2.47 2.17 1.35 1.35 1.99 2.38 1.81

w/o Filter 2.83 2.26 2.49 1.97 2.79 2.66 1.95 1.77 2.29 2.79 2.38
MSAC score 2.75 2.22 2.56 1.99 2.79 2.60 1.97 1.77 2.32 2.78 2.37
CleanNet 2.53 2.25 2.50 1.99 2.79 2.64 1.95 1.76 2.28 2.79 2.35
Triangle 2.83 2.26 2.49 2.01 2.79 2.66 1.94 1.78 2.29 2.79 2.38
1DSfM 2.52 2.27 2.58 1.99 2.79 2.60 1.95 1.85 2.35 2.79 2.37
1DSfM+Tri. 2.88 2.25 2.58 2.01 2.79 2.63 1.96 1.77 2.30 2.82 2.40
Ours 2.52 2.14 2.49 1.98 2.79 2.69 1.86 1.74 2.29 2.79 2.33
Ours+Tri 2.52 1.89 2.49 1.98 2.79 2.42 1.86 1.74 2.29 2.79 2.28

Position Recall@5 (↑)

Oracle 94.23 98.04 98.94 93.39 84.96 90.67 91.76 95.71 92.45 93.08 93.32

w/o Filter 81.64 88.24 85.87 90.91 85.71 86.67 81.65 93.69 91.46 89.52 87.54
MSAC score 86.04 87.25 92.82 90.91 85.71 89.33 81.05 93.94 90.48 88.32 88.59
CleanNet 91.20 87.25 86.10 89.26 85.71 89.33 81.73 93.94 91.46 90.04 88.60
Triangle 83.61 89.22 92.70 90.08 85.71 90.67 81.82 93.94 90.97 89.64 88.84
1DSfM 92.11 89.22 87.28 91.74 85.71 88.00 81.73 92.42 89.98 90.04 88.82
1DSfM+Tri. 81.18 88.24 88.10 89.26 85.71 88.00 81.65 93.94 90.97 88.44 87.55
Ours 91.35 89.22 92.34 90.91 85.71 89.33 82.58 94.70 90.97 90.12 89.72
Ours+Tri 91.35 82.35 90.08 85.71 85.33 84.00 94.95 93.69 90.97 90.12 88.86

conventional outlier filtering technique, 1DSfM, in perfor-
mance. Notably, it reduces the average position error by
approximately a factor of 5 and enhances the recall rate by
approximately 6%. The MSAC score baseline has signif-
icantly higher error implying that it fails to filter incorrect
pose graph edges effectively. CleanNet only has a minor
impact on accuracy. The combined Ours+Triangle method
attains the highest recall and lowest mean errors.

The results when the proposed filter is integrated into
the GLOMAP [49] pipeline are reported in Table 2. The
proposed filtering leads to a 1 meter decrease in the median
position error while also improving the recall. Other results
with GLOMAP are in the supplementary material.

PhotoTourism. The results on the PhotoTourism dataset
are shown in Table 3. MSAC score, CleanNet, the stan-
dalone Triangle, the 1DSfM filters, and their combination
have a negligible impact. On average, upon integration with
the Triangle filter, the proposed method outperforms the
baselines in all accuracy metrics. This shows that the two
filters complement each other; the proposed one removes
outliers, and the Triangle filter deals with degenerate config-
urations. Employed independently of the Triangle filter, our
approach secures best or second-best results. As expected,
the Oracle filter achieves superior performance on nearly
all scenes. However, it is crucial to highlight that its ex-
cellence is in outlier removal and does not extend to identi-
fying degenerate configurations, which could adversely im-
pact reconstruction quality. Moreover, the threshold of 20◦

employed for removing incorrect translations may not be

optimal in all scenes. These are the reasons why the Oracle
filter does not always lead to the best reconstructions.

ScanNet. The performance on six scenes from Scan-
Net [17], as selected by [71], is reported in Table 4. The
trends are similar to those observed on other datasets.
MSAC score is not improving over the baselines. No-
tably, CleanNet exhibits negligible enhancement over the
scenario without any filter applied. Interestingly, the con-
ventional outlier filter, 1DSfM, decreases the accuracy on
average. However, combined with the Triangle filter, it en-
hances accuracy across all metrics. The proposed filter, on
the other hand, improves performance across all accuracy
metrics compared to the unfiltered approach, even without
the Triangle filter. The proposed method achieves a recall
rate that is approximately 10% higher than 1DSfM. When
integrated with the Triangle filter, it attains the lowest mean
errors and the highest recalls.

Runtime. The average run-time of the proposed method
is 8.6 mins. on PhotoTourism, 2.55 mins. on 1DSfM, and
4.42 mins. on ScanNet. The times on all scenes are in the
supp. mat. Although filters like 1DSfM [64] are faster (1.8
secs. PhotoTourism, 0.6 secs. 1DSfM, 1.2 secs. ScanNet),
it is crucial to highlight that none of the filtering methods,
including 1DSfM filtering, nor SfM itself are designed for
real-time performance. Despite this, Theia combined with
our filtering method remains orders-of-magnitude faster
than an incremental approach like COLMAP. For instance,
on 11 scenes of the 1DSfM dataset, Theia takes an average
of 23 minutes for reconstruction and GLOMAP 138 min-
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Table 4. Mean position errors in meter and recall thresh-
olded at 1 meter for reconstructions by Theia [58] on the Scan-
Net dataset [17], using unfiltered relative translations (w/o Fil-
ter), MSAC score [40], CleanNet [50], the Triangle filter [41],
1DSfM [64], 1DSfM combined with the Triangle filter, and our
proposed method, both standalone and in conjunction with the Tri-
angle filter. Additionally, the results of the Oracle filter, removing
all outlier translations, are also presented. The best results are
shown in bold, and the second-best ones are underlined. On Scene
0207, Oracle reconstructs a different set of cameras than the pro-
posed filter; thus, we exclude this scene from the average recall
and report the unnormalized recall on it.

Scene 0000 0059 0106 0169 0181 0207 AVG

Mean position error (↓)

Oracle 0.49 0.61 0.39 0.45 0.64 0.37 0.49

w/o Filter 0.65 0.58 0.87 0.58 1.21 0.81 0.78
MSAC score 0.62 1.20 1.03 1.27 1.26 1.13 1.09
CleanNet 0.65 0.58 0.87 0.58 1.21 0.81 0.78
Triangle 0.65 0.60 0.87 0.48 1.17 0.59 0.73
1DSfM 0.69 0.58 1.08 0.55 1.26 0.80 0.83
1DSfM+Tri. 0.69 0.59 0.90 0.48 0.70 0.61 0.66
Ours 0.66 0.58 0.85 0.63 1.12 0.55 0.73
Ours+Tri. 0.66 0.60 0.57 0.50 1.02 0.36 0.62

Position Recall@1m (↑)

Oracle 90.13 90.94 99.38 94.41 86.07 100.00 92.19

w/o Filter 90.30 89.06 91.05 92.81 24.65 58.88 77.57
MSAC score 94.12 64.33 54.98 53.14 36.27 47.38 60.57
CleanNet 90.20 89.06 91.05 92.97 24.65 58.71 77.59
Triangle 90.24 89.06 90.94 93.71 28.03 97.97 78.40
1DSfM 82.66 90.35 72.87 93.93 20.45 58.38 72.05
1DSfM+Tri. 82.18 89.47 85.85 92.91 75.52 96.79 85.19
Ours 87.43 88.95 84.70 91.10 42.87 95.64 79.01
Ours+Tri. 86.86 88.77 94.12 92.43 66.36 99.49 85.71

utes, compared to COLMAP’s 886 minutes. Thus, spend-
ing a few additional minutes on filtering is inconsequential
in an SfM pipeline.
Camera Numbers. The average number of cameras re-
tained across the tested datasets for each method is as fol-
lows: w/o Filter (1618), MSAC score (1612), CleanNet
(1590), Triangle (1356), 1DSfM (1617), 1DSfM + Trian-
gle (1318), Ours (1463), Ours + Triangle (1263), and Or-
acle (1341). When combined with the Triangle filter, the
proposed method retains fewer cameras than the Oracle
method. This can happen because the Oracle filter removes
only outlier edges, while the Triangle filter also discards de-
generate edges, which may not be outliers yet degrade trans-
lation averaging. Thus, combining the proposed method
and the Triangle filter can remove more edges than the Or-
acle method. However, it is important to note that the re-
ported recalls were calculated on the same set of cameras re-
turned by the Oracle filter. The combination of our method
with the Triangle filter achieves the best recalls while re-
taining the fewest cameras, indicating its effectiveness in
removing inaccurate poses from the graph – specifically,
cameras that could not be recovered accurately.

Table 5. Ablation study averaged over scenes T. of London, M.
Rushmore, and E. Island. We report the mean position errors, the
recall at 10, and the number of cameras.

Mean Position Error (↓) Recall@10 (↑) # of cameras (↑)

1DSfM 51.74 48.75 740
Ours w/o image features 37.78 46.14 464
Ours w/ 2 layers 24.39 47.33 565
Ours trained with 8 clusters 22.49 48.14 441
Ours inference w/o clustering 46.60 44.07 686

Proposed 22.09 51.39 548

Ablation studies. To gain a more nuanced understanding of
the proposed filtering, we run the following configurations
on scenes T. of London, M. Rushmore, and E. Island, as
presented in Table 5. Ours w/o image features removes the
image embeddings from the network. Only two layers in the
graph neural network instead of three are used in Ours w/ 2
layers. The next ablation explores how changing the num-
ber of clusters during training affects performance. In Ours
trained with 8 clusters, we increase the number of clusters
from the usual three to eight. In Ours inference w/o clus-
ters, we do not employ our clustering method, so the entire
graphs are used for inference. Additionally, we show the
results of the entire pipeline with 1DSfM filtering as base-
line. In the supplementary material, we provide additional
ablations showing the importance of the network inputs.

Even without image features, the proposed method im-
proves the mean position error upon the 1DSfM baseline.
Reducing the number of layers has a minor effect on the
accuracy. Artificially increasing the number of clusters dur-
ing training leads to high camera loss due to splitting the
graph into too small subgraphs. Ours inference w/o cluster-
ing runs the method on entire graphs to evaluate whether
clustering introduces any approximation or loss of infor-
mation. While it reconstructs the most cameras after the
baseline, it has lower recall and a higher mean error com-
pared to our proposed method. This shows that clustering
followed by majority voting does not degrade performance,
but improves accuracy across all metrics by focusing on lo-
cal subgraphs to detect outlier edges.

5. Conclusion

This paper presents a novel filtering method that enhances
camera position estimation in global SfM, demonstrating
improved accuracy across a diverse set of datasets. By
jointly addressing outliers with the proposed method and
degenerate configurations by [41], our approach ensures su-
perior reconstruction quality. Although it is slower than
other alternatives, the additional time required remains
negligible compared to the overall Structure-from-Motion
pipeline. The proposed method without [41] is superior,
in terms of accuracy, to the standard outlier filtering tech-
niques, e.g., 1DSfM [64]. These results highlight the criti-
cal role of advanced filtering in Structure-from-Motion.
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