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Sensitivity Analysis in Translation Averaging
Lalit Manam and Venu Madhav Govindu

Abstract—Translation averaging solves for absolute translations given a set of pairwise relative translation directions. Most of the
existing literature focuses on robustness to outliers and studies the uniqueness of the solution. In this paper, we deal with a
distinctly different problem of sensitivity in translation averaging under uncertainty in observed directions. We first analyze sensitivity
in estimating the translation of a camera and extend it to all the cameras involved in the problem. Then, we define the conditioning
of the translation averaging problem, which assesses the reliability of estimated translations based solely on the input directions.
We provide a sufficient criterion to ensure that the problem is well-conditioned. Based on the criterion, we present an efficient
algorithm to identify and remove combinations of directions which make the problem ill-conditioned. Applying our algorithm leads
to improved conditioning of translation averaging, resulting in the reduction of absolute translation errors. Project page/source code:
https://ee.iisc.ac.in/cvlab/research/tasensitivity.

Index Terms—Structure-from-Motion, Global Methods, Translation Averaging, Sensitivity Analysis, Conditioning.
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1 INTRODUCTION

THE aim of translation averaging is to estimate abso-
lute translations given a set of pairwise relative direc-

tions as input observations. This problem arises in global
methods for solving structure-from-motion (SfM) [25], [26],
[58], which, unlike incremental methods [50], [56], [64],
jointly solves for absolute rotations and translations of all
the cameras. Using 2D point correspondences between a
pair of cameras, we can recover the relative rotation and
relative translation direction between the two cameras via
epipolar geometry. These relationships result in a network
G = (V, E), where V and E is the set of nodes and edges,
respectively. Each node i ∈ V represents a 3D rotation
Ri ∈ SO(3) and a 3D translation Ti ∈ R3 with respect to a
global frame of reference. Each edge (i, j) ∈ E denotes the
relative rotation and translation direction (Rij , tij) between
the nodes i and j, where Rij ∈ SO(3) and tij ∈ S2. These
result in the following relationships:

Rij =RjR
−1
i , (1)

tij =
Rj(Ti −Tj)

∥Rj(Ti −Tj)∥
. (2)

Absolute rotations, Ri, i ∈ V , are estimated from rel-
ative rotations, Rij , (i, j) ∈ E , using rotation averaging
methods [12], [13], [23], [28], [53], [54]. Then, the relative
directions are aligned to the global reference frame using
absolute rotations as follows:

vij =−R−1
j tij =

Tj −Ti

∥Tj −Ti∥
, (3)

where vij ∈ S2 is the relative direction represented in a
global frame of reference. Now, the problem of translation
averaging can be described using the network G = (V, E),
with the set of edges E representing the input to the problem
i.e. pairwise relative directions vij , (i, j) ∈ E , and the set of
nodes V representing the output i.e. absolute translations
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Ti, i ∈ V . Since every edge (i, j) ∈ E represents a direction,
the network G is called a bearing-based network.

The dissimilarity in the input space (directions i.e. unit
norm vectors in 3D space) and output space (translations
i.e. vectors in 3D space) makes translation averaging a
challenging problem since it requires estimating translation
scales [25]. The presence of noise and outliers in input
directions makes it further difficult to obtain a reasonable
solution [24], [38], [40], [47], [63], [68]. Moreover, the
existence of a unique solution for a bearing-based network
is related to the non-trivial issue of parallel rigidity [3], [48].

In this paper, we deal with a completely distinct aspect of
translation averaging. We analyze sensitivity in translation
averaging under input uncertainty. It can be seen as a
perturbation analysis of the translation averaging solution
with respect to small changes in input directions. This is
useful for determining the configuration of input directions
for which the output translations are reliable. This analysis
is independent of parallel rigidity [3] since parallel rigidity
deals with the uniqueness of the solution, while we deal
with change in the estimate for small input perturbations.
Parallel rigidity can be equivalently described with the
algebraic rank of a specific matrix [3], which is similar to
the analysis of the uniqueness of a solution given a matrix
obtained from a linear system of equations. In contrast, our
sensitivity analysis is similar in spirit to the conditioning
of a matrix while solving a linear system of equations
(Ax = b problem), where the reliability of a solution is
studied under uncertainty in observations. Sensitivity is
also different from outlier detection in the inputs [52], [63]
because it only deals with perturbations of the given input
directions and not with the noise/outlier levels. The issue
of sensitivity remains relevant even without outliers.

In the literature [30], [43], [55], empirical studies have
been presented that show the effects of perturbing input
directions in the bearing-based networks with very few
nodes (3 to 20), but their procedures are computationally
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expensive for large-scale networks. Analyzing sensitivity
requires a theoretical analysis for generalization to large-
scale networks. Our previous work [39] was the first step
to theoretically analyze sensitivity in the problem based
solely on the input directions without employing numerical
simulations with input perturbations. It takes an edge-
based approach where it analyzes sensitivity in estimating
edge scales using the smallest solvable network, i.e. 3
nodes with 3 edges connecting all pairs of nodes, which
is also termed a triplet of nodes. In translation averaging,
a node triplet forms a triangle whose properties are used
in [39] to quantify sensitivity of the triplet. Then, it extends
the principle of sensitivity to the entire bearing-based
network with the restriction that the network consists of
triplets of nodes. This restriction on the network topology
prevents the sensitivity analysis of general networks with
the formulation presented in [39].

Our Contributions: In this paper, our aim is to ana-
lyze the sensitivity in bearing-based networks without any
restriction on the network topology, generalizing the idea
introduced in our previous work [39]. Different from [39],
where an edge-based analysis has been done, we present
a completely new approach to sensitivity through a node-
based analysis to achieve our goal. We first analyze the
sensitivity in estimating translation at a single node with
the smallest solvable problem, i.e. a node with two incident
edges (directions). Then, we characterize the sensitivity in
the smallest solvable problem, extend it to a node with
multiple incident directions, and provide a sufficient cri-
terion for a node to be well-conditioned. We extend this
analysis over the entire network and define node-based
conditioning of translation averaging. We propose an effi-
cient algorithm to identify the configuration of directions
that lead to ill-conditioned nodes and remove such di-
rections from the network to improve the conditioning of
the problem. We demonstrate the utility of this sensitivity
analysis in structure-from-motion with improved accuracy
of translation estimates on benchmark datasets.

2 LITERATURE REVIEW

In this section, we briefly review the literature on motion
averaging, translation averaging and parallel rigidity.

Motion Averaging: Motion averaging [12], [13], [25],
[26], [63], [68], synchronization [4], [6], [8], [29], [57],
or graph optimization [18], [31], [37], [59] is a class of
problems on networks where absolute values on the nodes
are estimated from relative values on the edges. Many
SfM [44], [58], and simultaneous localization and mapping
(SLAM) [27], [45] pipelines employ these methods in its
different stages. In this paper, we deal with translation
averaging, a crucial component of global SfM approaches
that falls into this category of problems. Each node value
represents a vector in R3 that needs to be estimated from
relative directions in S2 represented on edges. [67] provides
a survey on several motion averaging problems.

Rotation Averaging: Rotation averaging, also belonging
to the class of motion averaging problems, solves for

absolute rotations (on the nodes) from relative rotations
(on the edges) obtained from epipolar geometry. There are
two main paradigms for solving rotation averaging. Intrisic
methods [12], [13], [26], [28] utilize the Lie group structure
SO(3) of rotations [26], [62], while extrinsic methods [14],
[23], [41] solve a relaxed problem. Recent developments can
be found in [19], [46], [53], [54] and their references.

Translation Averaging: In [25], translation averaging
was solved by minimizing the cross-product between
the observed input directions to that of the equivalent
obtained from estimated translations. A linear system of
cross-product constraints using epipolar geometry was
formulated in [2] to solve the problem. In [43], the problem
of aligning edges was converted to aligning triplets of
nodes by utilizing trifocal tensors with known rotations.
In a similar spirit, node triplets were used in [30] and
the problem was formulated based on the constraints on
a triangle formed by triplets. 1DSfM [63] compared the
observed and estimated heading directions and added
constraints between 3D points and cameras to stabilize the
problem. A pre-processing step was incorporated in [63]
to remove outliers. In [61], squared relative displacements
between nodes were compared, and the problem was solved
in a distributed manner based on the network structure.
Least Unsquared Deviations (LUD) [47] extended [61] by
using L1 loss for robustness and posed the problem as a
convex program. In [7], the squared error of the orthogonal
projection of estimated relative translations onto observed
directions was minimized. ShapeFit/ShapeKick [24] also
minimized the orthogonal projection using ADMM but
with an L1 loss for robustness. Methods like [15], [16]
used 2D point tracks to estimate the edge scales and
then solved a linear system. To avoid the influence of
outliers, multiple estimates of edge scales from different
tracks were handled carefully. Bilinear Angle-based
Translation Averaging (BATA) [68] compared the estimated
heading directions from camera translations to that of
the observed directions, relaxing the cost in [63]. [40]
proposed to fuse the intermediate solutions obtained
from the two costs: comparing displacements [47], [61] or
directions [68]. Some methods removed severely corrupted
directions [52] to obtain reliable translation estimates
based on triplets of nodes. Other approaches which solved
absolute translations include similarity averaging [17],
averaging essential and fundamental matrices [33], [34],
and utilization of the properties of a matrix of pairwise
camera displacements [20].

Parallel Rigidity: Theoretical work on uniqueness of a
solution obtained from bearing-based networks has been
contributed by different communities: computer vision [3],
[5], [48], robotics [36], computer-aided design [51] and deci-
sion control [21], [22], [60], [66]. There are two approaches
to defining parallel rigidity. The first approach considers
nodes, which deals with the configuration of absolute trans-
lations (also called a point formation) [21], [22], [51] to study
parallel rigidity. The second approach deals with edges and
reasons for parallel rigidity based on edge scales in terms of
the cycles in a network [5], [35], [60]. Readers are referred
to [3] for an excellent survey on parallel rigidity.
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3 SENSITIVITY IN TRANSLATION ESTIMATION
FROM DIRECTIONS

In this section, we study node-based sensitivity in bearing-
based networks by examining the sensitivity in estimating
translation at a node given a set of directions incident
from other nodes. We consider the smallest solvable case,
i.e. estimating translation at a node from two directions.
Then, the constraints on the current node can be written as
Ti+sivi, for i ∈ {1, 2}, where vi ∈ S2 denotes ith direction
and Ti ∈ R3 denotes the value of ith node connected to the
current node via ith direction. si denotes the free variable
for ith direction, which gives us a point when fixed to a
value. The least squares problem to obtain the intersection
point from the constraints can be written as

min
s

∥Vs− c∥2, (4)

where V = [ v1 -v2 ], s = [s1, s2]
T and c = T2 − T1.

The solution to the problem in Eqn. 4 can be obtained by
solving the normal equation VTVs = VT c. When VTV is
invertible, the solution is given as

s =
(
VTV

)−1
VT c. (5)

For the problem in hand, VTV is invertible when
vT
1 v2 ̸= ±1 i.e. the angle between the two directions is

neither 0◦ nor 180◦.

The quality of the solution to the normal equation, i.e. s,
is dependent on the conditioning of the matrix VTV [42].
To analyze the sensitivity of the estimated translation,
which is dependent on the free variables si, we check
the conditioning of VTV. The following theorem relates
matrix-2 norm conditioning of VTV, i.e. κ(VTV), with the
angle between the two directions, ϕ12:

Theorem 1. Given two directions v1 and v2, and the matrix
V = [ v1 -v2 ], the condition number of the matrix VTV
with matrix-2 norm is given as

κ(VTV) =


cot2(ϕ12/2) if 0◦ < ϕ12 ≤ 90◦;

tan2(ϕ12/2) if 90◦ < ϕ12 < 180◦;

∞ if ϕ12 ∈ {0◦, 180◦} ,
(6)

where ϕ12 is the angle between the two directions v1 and v2.

Please refer to the supplementary material for the proof
of Thm. 1. Fig. 1 provides the plot of κ(VTV) with respect
to ϕ12. It can be seen that conditioning of VTV worsens
when the angle between the two directions is near 0◦ or
180◦, and conditioning is best at 90◦. From Thm. 1, it can
be seen that at any node in the bearing-based network G,
if the angle between all pairs of directions at that node are
not close to 0◦ or 180◦, then the translation estimated at that
node is reliable. Our aim is to quantify the conditioning of
any node and the entire network G in translation averaging
based solely on the input directions, which is discussed next.

Fig. 1: Conditioning of VTV with angle between two di-
rections. κ(VTV): Condition number of the matrix VTV
with matrix-2 norm. ϕ12: Angle between two directions (in
degrees). VTV is ill-conditioned near 0◦ and 180◦, and best
conditioned at 90◦.
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(b) Angles in our method.

Fig. 2: Comparison of our proposed node-based formulation
to that of the edge-based formulation [39] for sensitivity
analysis. The network shown consists of two node triplets
for easy comparison. For node A in the network, the
edge-based formulation considers ∠BAC and ∠BAD (Fig.
(a)), while our node-based formulation considers ∠BAC ,
∠BAD and ∠CAD (Fig. (b)). This suggests that our node-
based formulation uses a stronger criterion for reasoning
about sensitivity in bearing-based networks compared to the
edge-based formulation.

4 NODE-BASED CONDITIONING OF TRANSLATION
AVERAGING

In this section, we analyze node-based conditioning
of a bearing-based network. At first, we compare our
node-based formulation for quantifying conditioning of
translation averaging, based on Thm. 1 to that of the
edge-based formulation based on Thm. 1 presented in [39].
Our node-based formulation considers angles between all
pairs of directions at a given node while the edge-based
formulation [39] considers angles between the directions
within the triangles formed by triplets of nodes to determine
the conditioning of translation averaging.

In Fig. 2, we show an example network consisting of two
triplets of nodes with a common edge between them. This
allows us to make a fair comparison since the edge-based
formulation is based on triplets of nodes. Consider node
A in the network. The edge-based formulation [39] checks
for angles only in the triplets and thus considers ∠BAC
and ∠BAD to reason about sensitivity, as shown in Fig. 2a.
Our node-based formulation checks for all possible angles
between pairs of directions incident on the node, as shown
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in Fig. 2b, and thus considers ∠BAC , ∠BAD and ∠CAD to
reason about sensitivity. Thus, our node-based formulation
is built on a stronger criterion to reason about sensitivity
in bearing-based networks compared to the edge-based
formulation [39].

In the node-based formulation, our aim is to define the
conditioning of a node in a bearing-based network G, which
captures the idea of conditioning of a translation estimate
based on Thm. 1. We define a restricted dot product matrix
given two directions v1 and v2, as

RDP12 =

[
|vT

1 v1| |vT
1 v2|

|vT
2 v1| |vT

2 v2|

]
=

[
1 |vT

1 v2|
|vT

1 v2| 1

]
, (7)

where | · | denotes the absolute value of the argument. The
rows and columns of RDP12 signify the two directions
v1 and v2, and the entries denote the absolute value of
dot product between the directions. It can be seen that
RDP12 is symmetric with diagonal entries as 1 since
vT
i vi = ∥v2

i ∥ = 1. The following theorem relates the
matrix-2 norm condition number of VTV (as defined for
the problem in Eqn. 4) and RDP12:

Theorem 2. Given two directions v1 and v2, the matrix
V = [ v1 -v2 ], and the restricted dot product matrix for
two directions RDP12, defined in Eqn. 7, the condition number
of both RDP12 and VTV with matrix-2 norm are the same.

Please refer to the supplementary material for the proof
of Thm. 2. It can be seen that RDP12 captures the condi-
tioning of a node with two directions in a manner similar to
VTV. Now, we extend the restricted dot product matrix for
the case when a node has p edges incident on it, i.e. having
p directions. It is defined as

rdpij = |vT
i vj |, (8)

where rdpij denotes the entry in ith row and jth column
of the restricted dot product matrix RDP for p directions,
and vk denotes the kth direction incident on the node. It can
be seen from Eqn. 8 that RDP is also a symmetric matrix
with diagonal entries as 1, similar to RDP12. RDP has
the desired property that when the angle between any two
directions is close to 0◦ or 180◦, its condition number goes
high. Let us consider any two columns of RDP, i and j,
which are given as

RDP∗i =


|vT

1 vi|
|vT

2 vi|
|vT

3 vi|
...

|vT
p vi|

 , RDP∗j =


|vT

1 vj |
|vT

2 vj |
|vT

3 vj |
...

|vT
p vj |

 . (9)

When vi = ±vj , then both RDP∗i and RDP∗j are the
same, increasing the condition number of RDP. Thus,
RDP captures the idea of conditioning between any two
directions as suggested by Thm. 1 when p directions are
considered. The following theorem provides a sufficient
condition for a well-conditioned restricted dot product
matrix RDP.

Theorem 3. Consider p directions, v1,v2, · · ·vp, and the re-
stricted dot product matrix RDP defined in Eqn. 8 using the
p directions. The matrix RDP is well-conditioned if the angle
between all pairs of directions is not close to 0◦ or 180◦.

Please refer to the supplementary material for the proof
of Thm. 3. In practice, we use a threshold to determine the
closeness of a pair of directions to 0◦ or 180◦, which will
be discussed in Sec. 5. The restricted dot product matrix
RDP captures the conditioning of a single node in the
bearing-based network G. Let RDP[i] denote the restricted
dot product matrix for node i in the network G. We note that
the size of RDP[i] can vary with node i since the number
of edges incident at each node can be different. When the
matrix RDP[i] is ill-conditioned for a node i in G, we term
it an ill-conditioned node. However, our aim is to quantify
the conditioning of the entire bearing-based network. We
define a block diagonal matrix, RDPG , whose ith diagonal
block, [RDPG ]i is given as

[RDPG ]i = RDP[i]. (10)

The following theorem relates the conditioning of RDPG
to that of RDP[i] for any node i.

Theorem 4. Consider a bearing-based network G = (V, E), the
restricted dot product matrix RDP[i] for every node i ∈ V as
defined in Eqn. 8, and the block diagonal matrix RDPG , as
defined in Eqn. 10. Then, the condition number, with matrix-2
norm, of the matrix RDPG is lower bounded by the condition
number of RDP[i], for any i ∈ V , i.e.

κ (RDPG) ≥ κ (RDP[i]) , ∀i ∈ V. (11)

Please refer to the supplementary material for the proof
of Thm. 4. Thm. 4 reveals that if any node in a bearing-based
network G is ill-conditioned, i.e. κ (RDP[i]) is high, then
the condition number, κ (RDPG), is at least as high as
κ (RDP[i]). Thus, RDPG captures the conditioning of all
the nodes in G. We define the node-based conditioning
of the translation averaging problem as the condition
number of the matrix RDPG . It can be seen that if the
sufficiency criterion in Thm. 3 is satisfied for all nodes
i ∈ V , then RDPG is well-conditioned, and hence, the
translation averaging problem is well-conditioned.

We note that RDPG is never constructed ex-
plicitly to compute its conditioning. This is because
λmax

(
RDPT

GRDPG

)
≥ λmax

(
RDP[i]TRDP[i]

)
and

λmin

(
RDPT

GRDPG

)
≤ λmin

(
RDP[i]TRDP[i]

)
(please

refer to the proof of Thm. 4), where λ(·) denotes an eigen
value of the argument and its subscript, max or min, de-
notes maximum or minimum among all their eigen values,
respectively. Hence, we use λmax

(
RDP[i]TRDP[i]

)
and

λmin

(
RDP[i]TRDP[i]

)
of all nodes in G to compute the

conditioning of RDPG , which is computationally cheaper
than explicitly computing conditioning of RDPG . Based on
Thms. 3 and 4, we develop an algorithm to remove edges
from a bearing-based network to ensure all nodes are well-
conditioned, which is discussed in the next section.



5

5 PROPOSED NODE-BASED METHOD

In this section, we present a method to efficiently remove
edges in a bearing-based network G to improve the con-
ditioning of translation averaging based on the sufficiency
result of Thm. 3. We define a restricted angle matrix, RAM,
given p directions, v1,v2, · · ·vp, which can be written as

ramij = cos−1
(
|vT

i vj |
)
= min(ϕij , 180

◦ − ϕij), (12)

where ramij denotes the entry in ith row and jth column
of the restricted angle matrix RAM and ϕij is the angle
between ith and jth directions. We call min(ϕij , 180

◦ − ϕij)
as the restricted angle between ith and jth directions.
From Eqn. 12, it can be seen that RAM is a symmetric
matrix with diagonal entries as 0. We note that elements in
RAM can be obtained from the cosine inverse of elements
in RDP. RAM is not similar to the distance matrix in
Multi-Dimensional Scaling (MDS) [9], [10] because when
vi = −vj , then ramij = 0, which violates the property of a
distance function that its value is zero if and only if both of
its arguments are the same. Our proposed method, which
utilizes RAM, is described in the following stages.

Stage I - Identify Edges to be Removed: Our aim
is to identify a maximum set of directions at every node
in G, which do not have angles close to 0◦ or 180◦ (or
the restricted angles min(ϕij , 180

◦ − ϕij) not close to
0◦). We want a maximum set of directions since having
more observations (directions) is generally useful for any
estimation problem. In other words, we want to remove
as few directions as possible or identify a minimum set of
directions to be removed at every node in G. To achieve this,
we construct the restricted angle matrix RAM at every
node in G. We note that RAM represents the adjacency
matrix of a complete graph1 which is undirected2, where a
node represents a direction and an edge connects the nodes
i and j with a weight cos−1

(
|vT

i vj |
)
.

From Eqn. 12, it can be seen that the entries in RAM
consists of restricted angles min(ϕij , 180

◦ − ϕij), where
ϕij is the angle between ith and jth direction incident
on the node in consideration. We threshold the entries of
RAM with an angular threshold τ , which will consider
both cases when pairs of directions have angles near 0◦ and
180◦, simultaneously. We denote the thresholded matrix as
RAM≥τ , whose entry at ith row and jth column is

ramij
≥τ =

{
1 if cos−1

(
|vT

i vj |
)
≥ τ,

0 otherwise.
(13)

RAM≥τ also represents the adjacency matrix of a graph, in
which a node represents a direction and an edge represents
an acceptable angle between a pair of directions with
respect to the threshold τ i.e the angle is not close to 0◦

or 180◦ by a margin of τ , or equivalently, the restricted
angle is at least τ . Let us denote this new graph as
GRAM≥τ

= (VRAM≥τ
, ERAM≥τ

). Our aim is motivated by
Thm. 3, which is to find a maximum set of directions at

1. A complete graph consists of all possible edges between the nodes.
2. In an undirected graph, if an edge connects node i to node j, then

node j is also connected to node i.

the node in G that is being considered, that has acceptable
angles between all pairs of directions. In effect, given a
node in G and its corresponding GRAM≥τ

, we need to find a
maximum subgraph (subgraph with maximum number of
nodes) of GRAM≥τ

, where all pairs of nodes are connected
to each other. Such a subgraph is called a maximum clique3

in graph theory [1].

An equivalent problem for finding maximum cliques in
a graph is to solve for maximum independent sets4 in the
complement graph5 [32]. Instead of solving for a maximum
clique in GRAM≥τ

, we aim to get a maximum independent
set in the complement graph of GRAM≥τ

, denoted as
GC
RAM≥τ

. An edge in GC
RAM≥τ

denotes that restricted angle
between the two directions (denoted as nodes in GC

RAM≥τ
)

are close to 0◦. Hence, obtaining a maximum independent
set in GC

RAM≥τ
ensures that restricted angles between

pairs of directions are not close to 0◦. Finding maximum
independent sets is an NP-hard problem [49], and many
algorithms with exponential time complexity have been
proposed [11], [32], [49], [65].

In an ideal case, we would like to exactly solve for a
maximum independent set in GC

RAM≥τ
. However, given our

problem of translation averaging, two issues arise. First,
we need to solve the maximum independent set problem
at every node in the bearing-based network G. Since the
algorithms take exponential time to find independent
sets, the time taken is prohibitive for large graphs. In an
unordered collection of images, a node in the bearing-based
network G can have as high as 1000 directions incident on
them, which results in 1000 nodes in GC

RAM≥τ
. Repeating

the process for many such nodes in G is expensive in
terms of computation time. The second issue arises from
the fact that the decision for an edge to be retained in the
bearing-based network G is inferred from two independent
decisions taken at the two incident nodes of the edge. In
cases where the two decisions are conflicting, we need to
either select or remove the edge that cannot favour the two
decisions made by the two nodes. Thus, solving exactly for
the maximum independent set problem can still lead to a
compromise when conflicting decisions are handled.

Hence, we chose to solve for an independent set in
GC
RAM≥τ

, which may not be maximum but is time effi-
cient with its output reasonable for the problem in hand,
i.e. translation averaging. We will use the complement of
thresholded matrix RAM≥τ , which is denoted as RAM<τ .

3. A clique is a subgraph where all possible edges exist between the
nodes. A maximal clique is a subgraph which is not contained in any
other clique. A maximum clique is a maximal clique with a maximum
number of nodes.

4. An independent set in a graph is a set of nodes, none of which
are connected to each other. A maximal independent set in a graph is a
set of nodes which is independent and is not contained in any other
independent set in the graph. A maximum independent set in a graph is
a maximal independent set with a maximum number of nodes.

5. A complement graph of a given graph has the same nodes as the
given graph in which two nodes are connected by an edge if they are
not connected in the given graph, and vice versa.
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Its entry for the ith row and jth column is given as

ramij
<τ =

{
1 if cos−1

(
|vT

i vj |
)
< τ,

0 otherwise.
(14)

We note that RAM<τ is similar to the adjacency matrix of
GC
RAM≥τ

but with a difference that the diagonal elements
have a value of 1. To obtain an independent set, we present
a greedy procedure. We recursively remove kth row and
column in RAM<τ , which has the maximum row sum
until all row sums are equal to one. This is equivalent
to recursively removing nodes from GC

RAM≥τ
(and their

corresponding edges), which has the highest degree until
all the remaining nodes are disconnected, thus obtaining an
independent set in GC

RAM≥τ
. Given the incident directions

at a node in the bearing-based network G, this process
is also the same as recursively removing directions that
have non-acceptable angles to other directions. When there
is more than one row in RAM<τ with maximum row
sum, we choose to remove the row and column with a
lower index. This procedure ensures that nodes in G have
directions that have acceptable angles between all their
pairs. This procedure has polynomial time complexity, thus
keeping compute time within reasonable limits.

In practice, we perform the above greedy procedure for
all nodes independently and mark the directions which are
suggested to be removed from each node. This allows us
to reconsider edges once decisions about directions (edges)
are obtained from all nodes in G, which is discussed in the
next stage. We note that this stage can be parallelized since
analysis at each node is done independently. This reduces
computation time by > 50% for ∼ 103 nodes and ∼ 104

edges when using 20 threads, which further reduces for
larger networks. We provide a time comparison for both
serial and parallel versions in Sec. 6.

Stage II - Prune Edges: In this stage, we remove
edges from a bearing-based network G given the decisions
provided by the nodes in G. Every edge has two decisions
from the two nodes it is incident on. We can prune edges
aggressively or non-aggressively. In aggressive pruning,
an edge is removed if one of the nodes suggests its removal.
In non-aggressive pruning, we remove an edge if both
edges suggest its removal. When edges are removed non-
aggressively, not all directions (edges) with non-acceptable
angles are removed. Thm. 3 is based on the sufficiency
criterion of improving κ(RDP[i]) at every node, and thus,
non-aggressive pruning can still improve the conditioning
of the problem. On the other hand, if we remove directions
aggressively, those edges in which only one of its adjacent
nodes suggests its removal are also removed. This can
degrade the conditioning of such nodes that did not suggest
the removal of those edges. Thus, there is no procedure that
can improve the conditioning of all nodes under all possible
circumstances. In practice, removing edges aggressively
results in a significant fraction of edges being filtered
out, severely affecting connectivity and parallel rigidity.
Hence, in our experiments, we choose to remove edges
non-aggressively. Algo. 1 summarizes our method.

Algorithm 1: Removal of Edges for a Well-
Conditioned Bearing-Based Network

Input: Bearing-based network G = (V, E), which is
parallel rigid, and a threshold for the
minimum restricted angle between two
directions τ .

Output: Bearing-based network GF = (VF , EF ),
with improved conditioning.

1 for every node i ∈ V in G do
2 Compute the restricted angle matrix, RAM,

using Eqn. 12.
3 Threshold every element of RAM with τ , using

Eqn. 14, to obtain RAM<τ .
4 Recursively remove kth row and column in

RAM<τ with kth row having the maximum
sum, until all row sums are 1.

5 Mark the row indexes removed from RAM<τ in
the above step to the corresponding directions
in G.

6 end
7 Remove edges from G either aggressively or

non-aggressively based on suggestions marked
from both nodes for an edge.

8 Get the largest connected component of G.
9 Extract the parallel rigid component of G to obtain

GF , which is well-conditioned.

6 EXPERIMENTS

We consider SfM datasets provided in 1DSfM [63] for the
experiments. It provides relative motions between camera
pairs and a reference reconstruction using Bundler [56].
Since Bundler was published a long time ago, we use
COLMAP [50] to generate pairwise relative rotations and
translations, and use COLMAP’s solution as the ground
truth for a better reference. We take COLMAP’s solution
and align it to 1DSfM’s solution to get absolute translations
in meters. We compute absolute rotations using the rota-
tion averaging method presented in [13]. We remove edges
that are inconsistent with the estimated absolute rotations
(> 10◦), as also done in [47]. Then, we use RANSAC on the
epipolar geometric relation with known absolute rotations
to obtain relative translation directions. The output of this
process gives us a bearing-based network. We extract the
maximal parallel rigid component of the network using [36].
Since the filtering process is independent of the cost function
to solve the problem, we consider two representative cost
functions. Revised LUD (an improvement on [47], provided
by [68]), compares relative displacements, and BATA [68],
compares relative directions. Please refer to the supplemen-
tary material for their problem formulations. Our code is im-
plemented in MATLAB. All experiments are performed on
a PC with the Intel Xeon Silver 4210 processor with 128 GB
RAM. Finally, in each table, w/o and w/ denotes the network
before and after applying Algo. 1, RNE denotes errors of
nodes in the unfiltered network which were removed in the
filtered network, #Nrem and #Mrem denote the number
of nodes and edges removed only due to ill-conditioned
configuration of directions and not due to connectivity and
parallel rigidity, and bold entries denote better performance
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Fig. 3: Reference reconstruction of the Alamo (ALM)
dataset [63] to show the spread of relative directions. Re-
construction was obtained using COLMAP [50]. Blue arrows
indicate relative translation directions from the black node.
Only some of the possible directions are shown for clarity.

between the solutions of the two networks.

6.1 Analysis of Real Data

In this subsection, we first provide an illustrative example
and then analyze different aspects of real data.

Illustration of Configurations of Directions: Fig. 3
shows an illustrative example of relative directions at a
node forming different angles among them. In ALM [63],
most cameras capture the front part of the museum, and
thus, the cameras are densely connected in the network.
Such cameras will have most of the possible connections
among them. In Fig. 3, the blue arrows show some of the
relative directions from the black node. It can be seen that
some pairs of directions have angles close to 0◦ and 180◦

between them, while some other pairs have near 90◦. This
shows that a node can be well-conditioned by removing
some directions (i.e. edges in the bearing-based network G).

Conditioning of Nodes: Here, we analyze real data
to understand the conditioning of nodes in bearing-based
networks. In Fig. 4, we show histograms of restricted angles
(min(ϕij , 180

◦ − ϕij)) between pairs of relative directions
computed at all the nodes for various networks from 1DSfM
datasets [63] having different edge densities. We observe
that there are a considerable number of directions, pairs of
which have restricted angles close to 0◦ (or equivalently,
the angles are close to 0◦ or 180◦). This implies that many
nodes are ill-conditioned. Moreover, it can be seen that
many pairs of directions have restricted angles farther from
0◦, suggesting that the removal of directions with small
restricted angles can lead to well-conditioned nodes.

Analyzing Directions: In Fig. 5, we check the minimum
of restricted angles formed by a direction with other
adjacent directions and plot the histograms across all
directions. It can be seen that many directions have the
minimum restricted angles close to 0◦, implying that
removal of all such directions can lead to large parts of the

bearing-based network G disconnected. Hence, we choose
to remove edges in a non-aggressive fashion, as mentioned
in Sec. 5.

Sensitivity Independent of Outliers: In Fig. 6,
we present scatter plots between errors of relative
translation directions (with respect to ground truth) vs
minimum of restricted angles formed by directions (edges)
adjacent to other directions to study the relation between
edges contributing to ill-conditioned nodes with that
of the outliers. We observe that errors in directions are
independent of the restricted angles formed among them,
implying that the presence of outliers and ill-conditioning
of nodes are not correlated.

Comparing Edge and Node-Based Formulations: We
also provide a comparison of our node-based formulation
with that of the edge-based formulation [39] to reason about
sensitivity in bearing-based networks. For this experiment,
we only consider networks consisting of triplets for a fair
comparison since the edge-based formulation is applicable
to such networks. We apply the method presented in [39]
and Algo. 1 on the networks and check the number of nodes
and edges removed in Table 1. We only report the nodes
and edges removed, which were lost due to ill-conditioned
configurations of directions and not because of connectivity
and parallel rigidity. This enables us to empirically study the
difference between two formulations. For a fair comparison,
we use the same threshold (0.5◦) for both formulations
to remove ill-conditioned (or skewed) triangles using the
method in [39] and edges using Algo. 1. We note that both
formulations utilize angles between directions for an indica-
tion of ill-conditioned directions. Although our node-based
sensitivity checks for angles between directions close to 0◦

and 180◦ while the edge-based sensitivity checks for angles
in triangles close to 0◦, in effect, the edge-based sensitivity
also checks for angles in triangles close to 180◦. This is be-
cause if any angle in a triangle is close to 180◦, its other two
angles will be close to 0◦, and, thus, is checked by the edge-
based sensitivity. Hence, using the same threshold value
for both formulations in this experiment provides a similar
ground for comparison. Once ill-conditioned directions are
detected, we perform non-aggressive pruning of edges in
both algorithms. For non-aggressive pruning in the edge-
based formulation, please refer to Step 3, Sec. 5 in [39]. It can
be seen that the number of nodes removed using our node-
based formulation is much higher than that of the edge-
based formulation. Moreover, the number of edges lost is
significantly higher with our node-based formulation com-
pared to the edge-based formulation. This is an expected
behaviour since all possible angles between directions are
considered at nodes in G for reasoning about sensitivity in
our node-based formulation, while only angles in triplets
are considered in the edge-based formulation (as discussed
in Sec. 4). This shows that our node-based formulation uses
a stronger criterion to reason about sensitivity in bearing-
based networks compared to the edge-based formulation.
In the following, we first provide results on outlier-free data
and then on real data using our node-based formulation.
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Ellis Island (ed = 4.95%) Piazza del Popolo (ed = 3.01%) Vienna Cathedral (ed = 2.76%)

Fig. 4: Histograms of restricted angles (min(ϕij , 180
◦ − ϕij)) between pairs of relative directions (pairs of edges) across all

the nodes on 1DSfM datasets [63]. ed: edge density.

Ellis Island Piazza del Popolo Vienna Cathedral

Fig. 5: Histograms of minimum of restricted angles (min(ϕij , 180
◦ − ϕij)) formed by directions (edges) adjacent to other

directions on 1DSfM datasets [63].

Ellis Island Piazza del Popolo Vienna Cathedral

Fig. 6: Scatter plots of error of relative directions (with respect to ground truth) vs minimum of restricted angles
(min(ϕij , 180

◦ − ϕij)) formed by directions (edges) adjacent to other directions on 1DSfM datasets [63].

6.2 Outlier-Free Data

Here, we examine the impact of ill-conditioned nodes
on the translation estimates independent of outliers. We
consider 1DSfM [63] datasets with COLMAP solution as
the ground truth and extract the component of the network
for which ground truth is available. We use ground truth
rotations (instead of estimated rotations) to align relative
directions to a global coordinate system. This avoids the
effects of errors in absolute rotation estimates. To make
the data outlier-free, we remove any direction that differs
from its ground truth by more than 10◦. Then, we extract

its maximal parallel rigid component using the method
in [36]. We call this network the unfiltered network. This
gives us a network which does not have outliers but has the
noise and network topology same as that of the real data.
Now, we use Algo. 1 to remove edges, and refer it as the
filtered network. To remove edges, we choose a low threshold
(τ = 0.5◦) and employ non-aggressive pruning to avoid
disconnecting G because the minimum restricted angles for
most edges are close to 0◦ as seen in Fig. 5.

Dataset Details: In Table 2, we provide the details
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TABLE 1: Comparison of nodes and edges removed using our node-based formulation to that of the edge-based
formulation [39] on 1DSfM [63] datasets containing only node triplets.

Dataset #Nodes #Edges Edge-based formulation [39] Node-based formulation [Ours]
#Nrem #Mrem #Nrem #Mrem

Alamo (ALM) 694 15619 0 4 7 9514
Ellis Island (ELS) 324 7411 0 3 0 2609

Gendarmenmarkt (GMM) 950 13913 1 28 7 8013
Madrid Metropolis (MDR) 401 4367 1 5 8 2280

Montreal Notre Dame (MND) 564 18297 0 0 17 14808
NYC Library (NYC) 450 6228 1 4 6 2870
Notre Dame (ND) 1421 70759 0 10 214 65447

Piazza del Popolo (PDP) 909 14770 2 9 36 10427
Piccadilly (PIC) 2706 45306 5 23 17 24537

Roman Forum (ROF) 1361 18855 3 42 1 6732
Tower of London (TOL) 569 8710 1 14 45 6716

Trafalgar (TFG) 6327 110876 17 131 59 66529
Union Square (USQ) 866 12638 1 5 2 5376

Vienna Cathedral (VNC) 1015 24793 1 14 31 18766
Yorkminster (YKM) 964 12033 1 6 13 5227

TABLE 2: Details of networks from 1DSfM [63] datasets without outliers. κ(RDPG): Condition number of the block
diagonal matrix RDPG with matrix-2 norm. tfilter, tparfilter: Time taken without and with Steps 1-6 in Algo. 1 parallelized.

Dataset #Nodes #Edges #Nrem #Mrem κ(RDPG) ↓ tfilter (sec) tparfilter

w/o filter w/ filter w/o filter w/ filter w/o filter w/ filter (sec) (sec)
ALM 598 582 7671 3803 4 3856 2.4e+10 1.2e+10 0.25 0.14
ELS 133 133 721 714 0 7 4.5e+09 4.5e+09 0.02 0.05

GMM 712 685 8212 3980 5 4195 1.4e+10 9.2e+09 0.17 0.09
MDR 283 265 2663 1290 6 1352 6.9e+10 4.0e+10 0.05 0.06
MND 467 413 10417 2112 18 8256 3.0e+10 6.8e+10 0.21 0.11
NYC 346 341 3291 2055 1 1230 6.3e+09 4.4e+09 0.06 0.07
ND 1257 967 26973 4382 121 22356 4.4e+10 5.5e+10 0.89 0.25
PDP 722 485 8770 2183 34 5925 4.4e+10 1.0e+10 0.21 0.10
PIC 2051 1973 22257 11606 17 10559 6.7e+10 2.6e+10 0.86 0.23
ROF 1088 1084 9329 6892 0 2433 1.1e+11 7.4e+10 0.25 0.10
TOL 501 312 5260 1291 26 3512 6.2e+10 2.6e+10 0.10 0.07
TFG 4586 4401 55477 25879 36 29310 2.4e+11 2.6e+11 3.61 0.87
USQ 446 436 4189 2543 0 1624 1.7e+10 1.0e+10 0.07 0.06
VNC 708 554 11957 3016 10 8242 4.1e+10 1.5e+10 0.25 0.10
YKM 442 415 4334 2583 3 1701 6.0e+10 3.4e+10 0.07 0.06

of 1DSfM [63] datasets without outliers. It can be seen
that only a small number of nodes but many edges are
removed for most datasets by Algo. 1. This is because
more the number of edges (directions), more likely it is
to have restricted angles between directions close to 0◦,
thus making the nodes ill-conditioned. Moreover, the
conditioning improves for most datasets except MND, ND,
and TFG. This is because we prune edges non-aggressively
to retain connectivity in G, due to which restricted angles
between some directions can still be close to 0◦. We also
compare the time taken by Algo. 1 in serial and parallel
versions. It can be seen that, for large datasets (> 500
cameras), the parallelized version is faster than the serial
version by 50%, while for small datasets, the time taken
is similar. This suggests that the parallelized version of
Algo. 1 is more suitable for large datasets, while the serial
version should be preferred for small datasets.

Camera Translation Estimates: In Table 3, we report ab-
solute translation errors obtained using BATA [68]. It can be
seen that the removal of edges (as seen in Table 2) improves
the conditioning of nodes, leading to improved translation
accuracy. We also check the errors of the removed nodes
(RNE) due to them being ill-conditioned in Table 3. It can be
seen that such nodes have higher errors compared to errors
in the unfiltered network, suggesting that the translation

TABLE 3: Absolute translation errors (in m) on 1DSfM [63]
datasets without outliers using BATA [68]. ‘-’: No nodes
were removed by Algo. 1. tBATA: Time taken by BATA.

Dataset Mean RMS RNE tBATA

w/o w/ w/o w/ Mean RMS (sec)
ALM 2.8 2.7 5.4 5.3 5.6 7.6 7
ELS 0.9 0.8 1.2 1.1 - - 2

GMM 8.4 8.0 13.3 13.2 8.7 9.8 5
MDR 6.8 7.9 13.0 15.2 13.7 17.0 3
MND 2.5 2.2 4.2 3.3 2.9 4.9 3
NYC 2.3 2.2 4.4 4.4 1.3 1.3 4
ND 2.6 2.8 5.1 5.5 2.7 4.7 8
PDP 5.0 4.5 6.4 5.9 5.5 7.4 3
PIC 2.5 2.4 5.2 5.0 4.0 6.1 34
ROF 7.2 5.3 14.9 11.0 - - 12
TOL 9.2 7.4 18.5 14.2 5.4 7.2 2
TFG 8.1 7.2 15.6 12.8 13.6 19.2 45
USQ 5.1 5.0 7.6 6.7 - - 4
VNC 5.9 5.2 8.0 7.9 8.9 9.7 5
YKM 5.8 3.9 12.6 7.7 24.1 34.4 4

estimates of the removed nodes are not reliable. Absolute
translation errors obtained using RLUD are provided in the
supplementary material, which also shows that the removal
of edges using Algo. 1 leads to improvement in translation
estimates. We also observe that the time taken to remove
edges is < 5% of the time taken for translation averaging
using BATA and RLUD for most datasets, which further
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TABLE 4: Details of networks from 1DSfM [63] datasets. κ(RDPG): Condition number of the block diagonal matrix RDPG
with matrix-2 norm. tfilter, tparfilter: Time taken without and with Steps 1-6 in Algo. 1 parallelized.

Dataset #Nodes #Edges #Nrem #Mrem κ(RDPG) ↓ tfilter tparfilter

w/o filter w/ filter w/o filter w/ filter w/o filter w/ filter (sec) (sec)
ALM 822 801 16192 6602 5 9571 9.5e+10 3.9e+10 0.42 0.19
ELS 325 325 7430 4819 0 2611 2.0e+10 1.4e+10 0.12 0.07

GMM 962 928 13930 5942 4 7937 5.2e+10 2.2e+10 0.34 0.13
MDR 435 381 4521 2131 8 2288 6.0e+10 3.4e+10 0.09 0.08
MND 581 537 18356 3513 16 14809 3.5e+10 6.6e+10 0.37 0.12
NYC 704 664 7782 4493 8 3183 1.2e+10 9.9e+09 0.16 0.09
ND 1421 1003 70771 5091 213 65449 5.4e+10 2.6e+10 2.42 0.65
PDP 980 850 15007 4350 34 10469 6.8e+10 1.7e+10 0.36 0.11
PIC 2826 2769 45944 21273 15 24603 1.7e+11 1.2e+11 2.13 0.59
ROF 1404 1391 19049 12306 1 6724 6.2e+10 4.5e+10 0.53 0.15
TOL 633 451 8960 1993 40 6715 2.1e+10 1.1e+10 0.22 0.10
TFG 6957 6559 113832 46142 42 66895 4.7e+11 1.4e+11 10.47 2.49
USQ 1002 987 13133 7685 2 5396 3.5e+10 2.2e+10 0.30 0.11
VNC 1284 1084 26023 6566 24 18776 2.2e+11 6.3e+10 0.75 0.19
YKM 990 937 12115 6824 10 5221 5.7e+10 2.3e+10 0.34 0.14

decreases for large datasets. This shows the efficiency of our
method, making it practical for use.

6.3 Real Data

In this subsection, we present results on real data.

Dataset Details: In Table. 4, we provide the details
of 1DSfM [63] datasets before and after edge removal
using Algo. 1. We use the same threshold for experiments
(τ = 0.5◦) and prune edges non-aggressively, similar to
the outlier-free data. We observe that a small number of
nodes and many edges are removed after applying our
filter, as seen for outlier-free data. This is because many
directions have restricted angles close to 0◦, which is
evident from Figs. 4 and 5. The conditioning also improves
for most datasets after removing edges non-aggressively
in our method, as seen in Table 4. Additionally, the
parallel version of Algo. 1 is much faster for almost all
datasets, with compute time similar to the serial version
for smaller datasets. A comparison of aggressive and non-
aggressive edge pruning, and the impact of varying τ in our
method is provided in Sec. C of the supplementary material.

Camera Translation Estimates: In Table 5, we compare
absolute translations obtained using BATA [68]. It can be
seen that mean and RMS errors decrease for most datasets.
Moreover, nodes that were removed due to ill-conditioned
directions have higher errors than the overall errors in the
unfiltered networks, suggesting that the removed nodes are
not reliable for translation estimation. In Table 6, we also
find similar observations when using RLUD [47], [68]. This
shows that sensitivity is an independent aspect and is not
related to the cost function in translation averaging. Similar
to outlier-free data, the time taken to remove edges is < 3%
of the time required for translation averaging.

Impact on 3D Reconstruction: We obtain 3D reconstruc-
tions using Theia [58] with the absolute translations from
Table 5. In Table 7, we report the number of 3D points
triangulated for unfiltered and filtered networks, where we
observe a reduction after applying our filter. This is because
our method removes many edges, leading to the loss of

TABLE 5: Absolute translations errors (in m) on 1DSfM [63]
datasets using BATA [68]. tBATA: Time taken by BATA. ‘-’:
No nodes were removed by Algo. 1.

Dataset Mean RMS RNE tBATA

w/o w/ w/o w/ Mean RMS (sec)
ALM 5.2 5.3 9.6 9.8 8.4 11.2 10
ELS 22.8 22.4 51.9 48.5 - - 6

GMM 40.7 40.6 61.0 60.4 87.9 104.3 7
MDR 13.7 12.5 30.4 27.5 6.7 11.5 3
MND 4.4 3.4 10.2 6.2 14.8 34.5 4
NYC 6.5 4.7 13.6 8.5 73.7 73.7 6
ND 3.3 3.3 6.4 5.8 4.0 7.3 7
PDP 7.7 7.1 12.9 10.6 7.1 11.3 5
PIC 5.5 5.2 11.9 10.8 12.8 20.5 45
ROF 12.5 11.2 25.3 23.7 36.0 36.0 20
TOL 15.7 17.3 29.0 31.4 14.0 28.8 3
TFG 19.7 14.4 69.5 27.7 60.7 96.3 124
USQ 15.9 13.9 25.1 20.7 43.2 43.3 4
VNC 13.9 8.9 27.7 13.2 32.7 55.0 9
YKM 27.9 14.2 39.6 22.5 45.1 54.2 9

TABLE 6: Absolute translations errors (in m) on 1DSfM [63]
datasets using RLUD [47], [68]. tRLUD : Time taken by
RLUD. ‘-’: No nodes were removed by Algo. 1.

Dataset Mean Errors RMS Errors RNE tRLUD

w/o w/ w/o w/ Mean RMS (sec)
ALM 5.7 5.9 10.1 10.3 6.9 8.1 6
ELS 19.6 19.5 35.7 34.7 - - 4

GMM 41.6 40.9 60.3 59.1 60.8 74.9 6
MDR 15.3 14.2 29.4 27.4 9.0 12.9 2
MND 3.8 3.4 5.7 5.2 5.6 8.9 3
NYC 5.3 4.7 8.8 8.1 11.0 11.0 4
ND 3.9 4.4 6.6 6.7 4.5 7.3 6
PDP 7.6 7.5 11.2 10.0 7.3 11.1 5
PIC 5.1 4.9 9.6 9.0 6.5 9.8 40
ROF 17.5 16.8 33.2 32.8 23.6 23.6 15
TOL 19.0 23.8 33.4 39.2 14.4 24.8 2
TFG 17.7 13.3 57.7 23.4 38.6 54.7 130
USQ 13.6 13.7 20.2 20.2 33.7 34.5 7
VNC 13.1 10.0 24.1 13.2 19.2 27.1 7
YKM 19.9 17.0 29.4 23.8 41.8 51.3 6

many 2D point matches that belong to these edges. Al-
though there is a reduction in 3D points, the translation esti-
mates are more reliable after improving the conditioning of
translation averaging. This can be useful in SfM pipelines in
the following ways. First, we can add back the filtered edges
that are consistent with the absolute translation solution ob-
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TABLE 7: Number of 3D points reconstructed with
BATA [68] solutions on 1DSfM [63] datasets.

Dataset # 3D Points (in 103) Dataset # 3D Points (in 103)
w/o w/ w/o w/

ALM 148 141 PDP 92 74
ELS 57 51 PIC 228 216

GMM 103 90 ROF 194 184
MDR 50 35 TOL 109 45
MND 117 90 USQ 57 48
NYC 96 92 VNC 247 170
ND 375 196 YKM 177 159

tained from a well-conditioned bearing-based network. This
can reduce the loss of 3D points as more 2D point matches
are available from the edges that are added back. Second,
we can fix the cameras whose translation estimates are
available and add the lost cameras based on the constraints
from fixed cameras. This will not only avoid affecting the
currently estimated cameras due to ill-conditioned cameras
that were lost, but also potentially allow reliable recovery of
the lost cameras during bundle adjustment. Our focus in this
paper is on sensitivity analysis, and we defer the suggested
pipeline improvements to future work.

7 CONCLUSION

In this paper, we introduce the idea of sensitivity in trans-
lation averaging under input uncertainty. We study the
sensitivity in estimating the translation of a single camera,
which suggests that the angle between two directions, when
being close to 0◦ or 180◦, leads to an unstable solution.
We extend this principle to multiple directions for a single
camera and then to the entire bearing-based network. We
define node-based sensitivity in translation averaging and
provide a sufficient criterion to ensure that the problem is
well-conditioned. Then, we propose an efficient algorithm to
identify and remove those edges which made the problem
ill-conditioned. We demonstrate the utility of sensitivity
analysis with improved translation estimates on benchmark
datasets. Moreover, we also compare our node-based for-
mulation to the edge-based formulation [39], which reveals
that our node-based formulation uses a stronger criterion of
sensitivity than the edge-based formulation.
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