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Abstract— When a mobile robot autonomously explores an
indoor space to produce a localization and navigation map, it
is important to create both a stable pose graph and a high-
quality occupancy map that covers all the navigable areas. In
this work, we propose a novel probabilistic active loop closure
framework which attempts to maximally reduce pose graph
uncertainty during exploration and improves occupancy map
quality. We calculate a probabilistic reward of getting a loop
closure at any pose on a pose graph, which considers both how
much pose graph uncertainty would be reduced by getting a
loop closure there, and the robot’s travel cost to navigate to that
pose. By choosing poses that provide the largest rewards, we
can maximally reduce pose graph uncertainty while avoiding
long travel times. The effectiveness of the method is illustrated
through on-device testing in various floor plans.

I. INTRODUCTION

Mobile robots that operate in indoor settings typically
need a high quality map of the operating environment in
order to navigate and localize well within that environment.
Manually constructing such maps can be time-consuming
and error-prone, especially for large floor plans, and requires
specialized skills. The objective of autonomous exploration
is to construct a high quality map without any supervision or
human intervention. Traditional information-theoretic explo-
ration strategies including [1]–[4] can explore maps quickly
but do not take the resulting map quality into account.

The final map quality depends on the quality of local-
ization during exploration [5]. Since pose estimates from
a Simultaneous Localization and Mapping (SLAM) system
(especially a visual SLAM system) drift during exploration,
it is necessary for the robot to perform active loop closure
(ALC) during exploration by guiding the robot to previously
visited areas with low uncertainty so SLAM can get a loop
closure there. Performing ALC during exploration prevents
distortions of the occupancy map which could, for example,
seal off narrow passageways and prevent the robot from
exploring the entire floor

In this work, we present a probabilistic ALC algorithm for
indoor robots to maintain a stable pose graph and enhance
map quality during exploration. Our main contributions are

1) We propose two types of computationally lightweight
metrics to measure the uncertainty in a pose graph: one
is distance based, and other is posterior covariance ma-
trix based. Using the proposed uncertainty metrics we
provide a method to predict the pose graph uncertainty
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reduction we can obtain by getting a loop closure at a
given cluster of keyframes.

2) We model loop closure as a probabilistic event, and
propose a model for capturing the probability of getting
a loop closure at a given cluster of keyframes.

3) By combining the probability and uncertainty reduc-
tion of getting a loop closure at a cluster of keyframes,
we propose a probabilistic reward function for active
loop closure planning. This ensures that the planning
behavior is probabilistically robust.

4) We optimize/reduce the computational burden by pro-
viding a branch and bound based method to search
for the cluster of keyframes that achieves the largest
reward at low computation cost.

II. RELATED WORK

The active SLAM and active perception communities have
produced numerous studies utilizing a diverse range of sen-
sors, SLAM algorithms, uncertainty metrics, and exploration
termination criteria. In [6], these works are categorized
into three sets of strategies: belief-space planning strategies
[7]–[11], deep reinforcement learning strategies [12]–[16],
and partially-observable Markov Decision Process (POMDP)
strategies. Our approach fits into the POMDP category.

The POMDP Strategies [17]–[24] formulate the Active
SLAM problem as POMDPs, and commonly divide the
problem into three stages for the purpose of facilitating
its resolution: (i) generation of a set of discrete candidate
locations, (ii) evaluation of the utility at those locations,
(iii) selection of the optimal location. For (i), an efficient
way of generating candidate locations for active loop closure
is proposed in [17], where the minimum map and graph
distances from the robot to the candidate locations are
required. For (ii), expected reduction in entropy of the map
has been used as the utility function in [18]–[20]. Besides
entropy, covariance matrices of the pose graph have also
been utilized in the utility function, e.g. [21] introduces a
method to roughly estimate full graph D-optimality, reducing
computation time by up to 90% (computation time still scales
cubically with the pose graph’s number of keyframes). This
estimation is subsequently used as the utility function within
the paper’s framework. However, this full graph D-optimality
estimation could still be computationally challenging for
robots operating in moderately large spaces. For (iii), an
active visual SLAM system is introduced in [22], which
leverages the full graph D-optimality estimate from [21] as
the utility function, and proposes a decision-making mech-



anism that switches between exploration and exploitation.
Full graph A-optimality is used as the utility function in [24]
to compute the optimal trajectory. Selection of the optimal
location has also been studied in [23], which considers the
match effect, the expected impact of a loop closure on global
optimization.

The most related work is presented in our previous paper
[5], where we introduced the concept of lighthouses, a
visually informative location with a panoramic view, that
we create during exploration. The ALC planner chooses the
nearest lighthouses as the optimal locations and drives the
robot periodically to those locations to reduce robot pose
uncertainty. However, since lighthouses are the only locations
for the ALC planner to choose from, for floor plans that have
few lighthouses the robot may need to travel a long way to
reach a lighthouse. This increases the risk of the map getting
distorted while traveling. Also going to a lighthouse doesn’t
necessarily maximally reduce pose graph uncertainties, and
sometimes introduces map quality issues.

III. NOTATIONS

Let G = (V ,E) be a pose graph where V =
{v1,v2, . . . ,vn} is the set of vertices (also called graph
nodes). Each graph node has a corresponding keyframe. E
is the set of edges. We denote the pose of the vertex vi as
pvi

. We assume that the latest node vr on the pose graph
corresponds to the robot’s current pose pr. l(pvi

,pvj
,M)

denotes the length of the shortest path between the poses
of the nodes vi and vj calculated on a 2D occupancy grid
map M using algorithms like A∗. l(vi,vj ,G) denotes the
length of the shortest path between nodes vi and vj in
G computed by the sum over the lengths of the traversed
edges. d(pvi ,pvj ) denotes the Euclidean distance between
the positions of poses pvi ,pvj . With a slight abuse of
notation, we also use l(pvi

,pvj
,G) to represent the same

meaning as l(vi,vj ,G). We refer to l(pvi
,pvj

,M) and
l(pvi

,pvj
,G) as shortest map and graph distances.

IV. PROPOSED POSE GRAPH UNCERTAINTY METRICS

Over time, many metrics have been proposed to compute
uncertainties in a pose graph. Notably, [21] presents a set
of modern optimality criteria in Active SLAM. The metric
that has been more prominently used in recent literature is
the D-optimality [22], [25], which entails computing the
determinant of the pose graph’s covariance matrix (i.e.,
the inverse of the Hessian). However, computing the D-
optimality criterion can be quite expensive, as it scales with
the graph size in O(n3), making it very costly to compute
D-optimality even for reasonably sized pose graphs [21].

Another problem that arises is that we need to have an
estimated uncertainty of the pose graph if we actually add a
loop closure. This is needed so we can find vertices whose
loop closures would maximally reduce uncertainty.

To overcome the problems mentioned above and to avoid
hefty computations, we perform some simplifications on
the formulation, and propose two types of computationally
lightweight uncertainty metrics to determine best candidates

for loop closure. In Section IV-A, we introduce a posterior
covariance matrix-based uncertainty metric, and provide the
definition of Neighbor D-optimality. In Section IV-B, we
provide a Distance-Based uncertainty metric that further
diminishes the need for computational resources.

A. Posterior Covariance Based Uncertainty Metric

1) Linear Least Squares Posterior Covariance Update:
In this section, we deal with the posterior covariance update
for a linear problem (hence, it should not apply directly to a
nonlinear problem such as pose graph optimization (PGO)).
Assume that we have measurements z of a quantity x, and
that those measurements are polluted by measurement noise
η, with η ∼ N (0, Ση):

z = Hx+ η, (1)

where H is a known mapping matrix. Additionally, assume
that we have an initial rough estimation of x, denoted as
x− ∼ N (x, Σ−). We would like to obtain the posterior
covariance of the estimate x̂, denoted as Σ+.

This problem is classically known as the “Recursive Least
Squares” problem [26]. The optimal linear estimator x̂ for
this problem (in the Least Squares sense) and its associated
covariance Σ+ are given as:

x̂ = x− +Σ+ ·HT ·Σ−1
η

(
z −Hx−) , (2)

Σ+ =
(
Σ−1

− +HTΣ−1
η H

)−1
. (3)

2) Pose Graph Posterior Covariance Update: The PGO
problem is not a linear problem and it does not have a
measurement model of the type of Eq. 1. Still, let’s assume
that we have an estimate of the relative pose between two
nodes i and j, given by p−

i,j ∈ SO(3) ∼ N (pi,j ,Σ−), and
that we have a new loop closure between these poses. Let’s
make the simplifying assumption that this new loop closure
can be regarded as a new measurement:

z = pi,j + ηi,j , (4)

where ηi,j ∼ N (0, Σi,j) is a noise vector in SO(3) and
represents the odometry error that the robot accumulates
when navigating between nodes i and j. The equation above
is similar to Eq. 1 with H being an identity matrix.

Assuming that this problem is locally linear, then we can
estimate the posterior covariance after a loop closure between
vertices vi and vj as Σ̂−1

i,j+ = Σ−1
− + Σ−1

i,j . If we use
information matrices instead, we can use the expression:

Σ̂−1
i,j+ = I− + Ii,j , (5)

where we have defined I− ≜ Σ−1
− and Ii,j ≜ Σ−1

i,j . Note
how this is computationally cheap to compute, since all of
the matrices in Eq. 5 have dimensions 6× 6.

3) Neighbor D-optimality: Now that we can compute an
estimate of the posterior covariance matrix Σ̂i,j+ between
a candidate pair of source/target vertices, we define the
Neighbor D-optimality as Dopt = det

(
Σ̂i,j+

)
and we will

use it as the uncertainty metric. The uncertainties between



the pair of nodes i and j before and after establishing a loop
closure edge between them are defined as follows

U−(pvi
,pvj

) := det (Σ−) , U+(pvi
,pvj

) := det
(
Σ̂i,j+

)
.

The justification for using just Neighbor D-optimality as
opposed to the whole graph D-optimality is that by trying
to find the pair of neighbors whose uncertainty reduces
maximally, then one can expect that it would also maximally
reduce graph uncertainty. Although this will not always
be true, we have noted that this is a good approximation.
Our method is more appropriate for constrained systems,
being computed with O(1) complexity. Graph D-optimality’s
complexity, on the other hand, grows cubically with the
number of vertices.

4) Uncertainty Reduction: Throughout the paper, we use
pr to represent the pose of the node vr where the robot is
located during exploration before heading out to a vertex v
on the pose graph to get a loop closure. To choose the optimal
vertex, we use Neighbor D-optimality to predict how much
relative uncertainty between vr and v can be reduced when
having a new loop closure edge between them

∆U(pv) = U−(pr,pv) / U+(pr,pv)

= det (Σ−) / det
(
Σ̂+

)
. (6)

B. Distance Based Uncertainty Metric

1) Neighbor T-optimality and Its Approximation: Similar
to Neighbor D-optimality, the scaled trace of covariance
matrices between a pair of vertices can also approximate
their relative uncertainty. We refer to it as the Neighbor
T-optimality, as opposed to the full graph T-optimality de-
scribed in [25], [27]. Since this type of relative pose uncer-
tainty cannot be greater than the uncertainty in odometry of
the travelled path between them, we can also write

1

ℓ
trace(Σ(vi,vj)) ≤ f(l(vi,vj ,G)) := co l2(vi,vj ,G),

where ℓ is the dimension of the state vector (ℓ = 6 in our
case), and co > 0 is a coefficient that converts the shortest
graph distance to the scalar odometry uncertainty. Thus we
can also write√

1

ℓ co
trace(Σ(vi,vj)) ≤ l(vi,vj ,G), (7)

which makes the shortest graph distance l(·) over the graph G
also a measure of relative pose uncertainty between any pair
of nodes. It is useful for robots without access to covariance
matrices to estimate pairwise relative uncertainties.

2) Uncertainty Reduction: Since the robot traveled from
pv to pr, the shortest graph distance between them is
l(pr,pv,G). By assuming the robot will (i) now travel along
the shortest path in the occupancy map from pr back to pv ,
(ii) the robot’s future pose p′

r will coincide with pv , and
(iii) will be able to get a loop closure at pv , the shortest
graph distance between pr and pv on the graph G′ with the
hypothetical edge then becomes l(pr,pv,M). This process
is illustrated in Fig. 1. By using the newly defined Distance

Fig. 1: By adding an edge between pr and pv , their shortest graph distance
reduces from l(pr,pv ,G) to l(pr,pv ,M).

Based uncertainty metric, the uncertainty reduction we get
from this loop closure can be approximately predicted as

∆U(pv) = U−(pr,pv)− U+(pr,pv)

= l(pr,pv,G)− l(pr,pv,G′)

= l(pr,pv,G)− l(pr,pv,M). (8)

V. ALC TARGET SELECTION

A. ALC Candidate Definition and Construction

Generally speaking, the robot can choose to go back to any
keyframe on the pose graph to attempt a loop closure, but
not all of the keyframes could provide enough uncertainty
reduction. Hence, we present a method to create loop closure
candidates Talc from chosen keyframes, selecting the ALC
target from this set.

Similar to our previous work [5], we actively create light-
houses during exploration by rotating 360◦ in-place when we
reach a feature rich location to emulate a panoramic view for
narrow field of view robots. A lighthouse is defined by the
set of generated keyframes during rotation. However, unlike
[5], we lift the restriction of only going back to lighthouses.

An ALC candidate τ is a structure made up of a cluster
of keyframes with high information gain for loop closures.
ALC candidates come from two sources. The first one is the
set of proactively created lighthouses, and the second is a
set of passively identified clusters of keyframes.

The process of constructing ALC candidates is summa-
rized in Alg. 1. First, we convert all the lighthouses into ALC
candidates. Then we downsample a keyframe from a pose
graph every few keyframes, which satisfies the following
criteria: (a) it should be within a maximum range cE from
the robot, (b) its graph distance to robot should be above a
minimum threshold cG, (c) its view score should be above
a threshold cs to increase the probability of getting loop
closures. Then we group the keyframes in the small neigh-
borhood of the downsampled keyframe, and treat this spatial
cluster of keyframes {v1, · · · ,vN} as an ALC candidate.

An ALC candidate τi has the following attributes:
• representative pose pτi

• distances: l(pr,pτi
,M), l(pr,pτi

,G), d(pr,pτi
)

• V(τi): the set of keyframes in its neighborhood
• view scores at those keyframes {sv(v1), · · · , sv(vN )}
• PLC(pτi

): the probability of getting loop closure at τi
defined in Sec. V-B

• ∆U(pτi
): pose graph uncertainty reduction by creating

a loop closure at pτi
defined in Sec. IV-A & IV-B



• R(τi): reward the robot can get by going to pτi
defined

in Sec. V-C
• Rub(τi): upper bound on R(τi) defined in Sec. V-D.1.

View score is the number of detected visual features at
a certain pose normalized by the regions of non-maximal
suppression, and it is within the range of [0, 1]. It correlates
with the probability of getting a loop closure at that pose.

Algorithm 1 ALC candidates Construction

Input: pose graph G, lighthouses L, robot pose pr

1: for lighthouse Li in L do
2: create an ALC candidate object τ , and τ ← Li

3: insert τ into Talc
4: end for
5: for every few keyframe in G do
6: downsample a keyframe vi

7: if d(pr,pvi) > cE or sv(vi) < cs or l(pr,pvi ,G) <
cG then

8: continue
9: end if

10: create an ALC candidate object τ
11: V(τ )← keyframes in the neighborhood of vi

12: pτ ← pvi , and updateAttributes(τ )
13: insert τ into Talc
14: end for
Output: set of ALC candidates Talc

B. Probabilistic Loop Closure Event

When the robot has travelled sufficiently far away from a
node, the possibility of the robot being able to go back to
that node decreases as function of the travel distance. This
problem is particularly pronounced for robots that have a
narrow (esp. less than 180◦) field of view, as the sensor views
on the way back will be often completely different from the
views on the way out. This results in localization accuracy
not improving (i.e. pose uncertainty will grow) while the
robot is traveling back to the target node.

Based on this idea, we define the probability of getting
loop closure at an ALC candidate τ with a single keyframe
v in the neighborhood as

PLC(pτ ) = tanh (cvsv(pv))× exp

(
− l−(p

′
r,pv,G′)2

c2l

)
where cv and cl are tuning parameters, sv(pv) is the view
score at pose pv , and l−(p

′
r,pv,G′) = l(pr,pv,G) +

l(pr,p
′
r,M) represents the estimated minimum relative

pose uncertainty between the robot’s future pose p′
r and the

keyframe v after the robot had attempted to move to v to
create a loop closure, but before the loop closure event. The
expression of PLC captures the fact that probability of getting
loop closure is a monotonic increasing function of the view
score at v; and it is a monotonic decreasing function of the
relative uncertainty between the robot’s future pose and v.
In future works, we plan to use data-driven methods to come
up with a more accurate model.

The probability of getting loop closure at an ALC can-
didate τ with a cluster of keyframes {v1, ...,vN} in the
neighborhood can then be derived as

PLC(pτ ) = 1−ΠN
i=1 (1− PLC(pvi)) (9)

C. Probabilistic Reward Function

From the current robot pose pr, the reward function of
creating a loop closure to an ALC candidate τi can be defined

R(τi) = −ct l(pr,pτi ,M) + PLC(pτi) ∆U(pτi), (10)

where the first term −l(pr,pτi ,M) is the traveling cost
for traveling from robot pose to the ALC candidate τi. The
second term PLC(pτi

) ∆U(pτi
) is the expected uncertainty

reduction at the ALC candidate τi. ct is a tuning parameter
that reflects the relative importance between the traveling
cost and expected uncertainty reduction.

D. ALC Target Selection

Having the reward function defined, the most straightfor-
ward way of finding the ALC target τ ∗ is to run A∗ algorithm
to find minimum-distance paths from the robot pose to all the
ALC candidates, evaluate the reward at each ALC candidate,
and then choose the one that maximizes the reward.

However, this might be time-consuming for a robot with
limited computation power since A∗ is computationally
heavy especially in larger maps. For the Distance-Based
uncertainty metric, we can make use of its property and
find the ALC target without evaluating reward at each ALC
candidate by using a branch and bound (BNB) based method.

1) Reward Upper Bound: For the ease of describing the
BNB based ALC target selection method in the following
subsection, we provide a way of computing the reward up-
per bound Rub(τi): to replace l(pr,pτi

,M) by d(pr,pτi
)

everywhere in the reward computation in Eq. 10. Rub(τi) has
noticeable properties: it is an upper bound on R(τi), and is
computationally much cheaper to estimate than a reward.

2) Branch and Bound Based Method: A BNB based
method is summarized in Alg. 2 to solve for the ALC
target with minimal computation burden. The first step is
to initialize the ALC target by choosing the one from the set
Talc with the largest reward upper bound. We compute the
minimum map distance from the initialized ALC target τ ∗

to the robot, and compute its reward R(τ ∗).
Then we enter the main algorithm of BNB. While the set

Talc is not empty, we perform the following steps. First we
compare the reward upper bound of each ALC candidate with
R(τ ∗). If the reward upper bound of an ALC candidate is
smaller than R(τ ∗), then the reward of that ALC candidate
can not be larger than R(τ ∗). Therefore, this ALC candidate
can not be the ALC target, and will be removed from Talc.
After comparing the reward upper bound of all the ALC
candidates with R(τ ∗), if Talc is empty, then the ALC target
is found and we can break the while loop. If Talc is not
empty, then we choose the ALC candidate with the largest
reward upper bound as the potential ALC target τ ′ and
compute its reward R(τ ′). Then we can compare R(τ ′) with
R(τ ∗). If R(τ ′) is larger, then τ ′ becomes the ALC target.



(a) ALC triggered for the 1st time (b) Getting loop closure at 1st τ∗ (c) ALC triggered for 2nd time (d) Getting loop closure at 2nd τ∗

Fig. 2: Case study in Home 1. (a) We show the selected τ∗ (a big pink box) when the ALC planner triggered for the 1st time. The shortest map and
graph distances between the robot and τ∗ are 16.95 m and 8.55 m. By getting a loop closure at the τ∗, we can reduce the uncertainty between vr and τ∗

by half. (b) We show the pose graph after getting a loop closure at the 1st τ∗. (c) When ALC planner triggered for the 2nd time, our algorithm selects
a τ∗ on the left side of the home, which can reduce the uncertainty by around 18.2 m. If the method from [5] was used, it would choose the nearest
lighthouse (pink sphere at the top of the home) as τ∗, which can only reduce uncertainty by around 7.4 m. (d) Upon creating a loop closure at the 2nd

τ∗, the pose graph now exhibits two compact loops, demonstrating the stability of the overall structure.

Algorithm 2 ALC Target selection by Branch and Bound

Input: set of ALC candidates Talc, robot pose pr

1: τ ∗ ← argmaxτi∈Talc
Rub(τi) ▷ Initialize ALC target

2: compute l(pr,pτ∗ ,M), R(τ ∗). Remove τ ∗ from Talc
3: while Talc is not empty do
4: for τi in Talc do
5: if Rub(τi) < R(τ ∗) then
6: Remove τi from Talc
7: end if
8: end for
9: if Talc is empty then

10: break the while loop
11: end if
12: τ ′ ← argmaxτi∈Talc

Rub(τi) ▷ potential target
13: compute l(pr,pτ ′ ,M), R(τ ′). rm τ ′ from Talc
14: if R(τ ′) > R(τ ∗) then
15: τ ∗ ← τ ′

16: end if
17: end while
Output: ALC target τ ∗

E. Overall ALC Target Computation Algorithm

By combing the algorithm for constructing ALC candi-
dates (Alg. 1), with the one for selecting an ALC target
from the ALC candidates (Alg. 2), we establish the overall
process for computing the ALC target as outlined in Alg. 3.

Algorithm 3 ALC Target Computation Overview

Input: pose graph G, lighthouses L, robot pose pr

1: Talc ← constructCandidatePoses(G,pr,L) ▷ Alg. 1
2: compute Rub(τi) for all τi ∈ Talc
3: τ ∗ ← targetPoseSelection(Talc,pr) ▷ Alg. 2

Output: ALC target τ ∗

VI. ACTIVE LOOP CLOSURE PLANNING

The ALC planner guides the robot to target τ ∗, rotating
360◦ there to enhance loop closure chances for robots with
limited field of view. Like in [5], our strategy toggles between
frontier and ALC planners during exploration. Afterward, the
refinement stage deploys the path coverage planner to further
stabilize the pose graph. This paper introduces new ALC
target computation and revises ALC’s triggering conditions.

A. Triggering Conditions

We collect perception data, including the occupancy map
and pose graph, and compute an ALC target τ ∗ using
Algorithm 3. Differently from the periodic ALC triggering
in [5], we gauge uncertainty reduction at τ ∗ against a
threshold and activate the ALC planner if it surpasses this
threshold. Our paper employs an adaptive threshold, which
declines monotonically with time since last ALC, making
ALC activation easier as time elapses.

VII. EXPERIMENTS

In Section IV, we have provided two metrics for com-
puting the uncertainty reduction: Neighbor D-optimality and
Distance-Based Metric. In Section VII-A, we show how the
Neighbor D-optimality compares with traditional graph D-
optimality. In Section VII-B we present results obtained on
a real robot in exploration with a low compute budget and
narrow-FOV depth sensor using the Distance-Based Metric.

A. Validate Neighbor D-optimality

To validate the Neighbor D-optimality-based candidate
selection criterion (Section IV-A.3), we conducted GTSAM
experiments [28]. We employed the w100 example with
100 vertices and 300 factors. These factors consist of 99
odometry, 200 loop closures, and 1 prior at the origin
keyframe. In this scenario, the robot begins at the origin
(0, 0)m, moves right, loops thrice in the upper-right region
(with loop closures), shifts left, loops once in the upper left,
then loops at the bottom before returning to the origin.



(a) Occupancy map obtained using the method from this work (b) Occupancy map obtained using the method from [5]

Fig. 3: Exploration results at Office 1. The proposed method’s occupancy map (Fig. 3a) shows better quality than the previous work’s (Fig. 3b), with no
observed distortion or drift. Conversely, Fig. 3b exhibits significant distortion in the areas marked in red.

To evaluate the Neighbor D-optimality criterion, we com-
pare it against pure D-optimality. Our goal is to show
how our method differs from what is commonly used in
recent literature. To have a fair comparison, we use the
reward function of Eq. 10 with ct = 0 and PLC(pri) =
1,∀i ∈ {1, · · · , n}. We pick the candidate whose ∆U
is the largest, where ∆U is defined in Eq. 6. We obtain
the posterior covariance matrix by estimating the required
odometry covariance Σi,j to link candidate source pose pvi

and target pose pvj . This estimation is a function of the
inter-node distance l(pvi ,pvj ,M). We then calculate the
posterior neighbor covariance matrix using Eq. 5.

To compute D-optimality on the whole graph, we use the
method [21]: given a full graph posterior covariance matrix
Σ+ ∈ Rℓ×ℓ, the D-optimality is computed as follows:

Dopt(Σ+) ≜ exp
(

1
ℓ

∑ℓ
k=1 log

(
λk

))
, (11)

where λ1, λ2, · · · , λℓ are the eigenvalues of the covariance
matrix Σ+. Notice that computing D-optimality on the full
graph covariance is quite expensive, as we need to compute
the eigenvalues of the covariance matrix as in Eq. 11, which
has computational complexity of O(n3).

We compared Neighbor D-optimality with full graph D-
optimality by evaluating the ideal loop closure candidates
for all source poses in the w100 pose graph. Interestingly,
we observed that both methods produced identical decisions.
Calculating the Neighbor D-optimality candidates for all 100
source nodes took just 0.048 seconds, whereas achieving the
same with full graph D-optimality consumed 295.0 seconds.
The D-optimality validation was done on a laptop with a 5.1
[GHz] Intel Core i7 processor and 32 [GB] of RAM.

It would be tempting to claim that Neighbor D-optimality
is equivalent to graph D-optimality. However, we note that
the former minimizes local uncertainty, whereas the latter
aims at overall graph uncertainty reduction. Though it is
logical that decreasing node pair uncertainty minimizes over-
all graph uncertainty, this is only validated for our assessed
w100 example. Further investigations are needed to confirm
equivalence of the two methods in a broader sense.

B. Real world Exploration Results

Due to lack of cheap access to covariance matrices in our
onboard SLAM software, we only performed on-device ex-
ploration experiments using the Distance-Based uncertainty
metric (Eq. 8). In the future works, we plan to utilize
Neighbor D-optimality metric (Eq. 6) on device.

Selection of ALC targets during exploration in Home 1
(2000 ft2) and the resulting pose graph are showcased in

Fig. 2. Exploration experiments were also performed at Of-
fice 1 (5, 000 ft2) using the methods from both this paper and
[5], and the results are shown in Fig. 3. Fig. 4 illustrates the
effectiveness of the proposed BNB algorithm for computing
τ ∗ (Alg. 2). Finally, further experiments in various floor
plans indicate that the proposed method (ALCv2) explores
faster than [5] (ALCv1) as shown in Fig. 5.

Fig. 4: Number of ALC candidates Nτ v.s. Number of iterations in the
while loop of Alg. 2 Nbnb at different timestamps in one exploration run
in Office 1. Average Nbnb and Nτ across all timestamps are 2.36 and 13.70,
respectively. If BNB method was not used, every time when we calculate
the ALC target τ∗, we would need to iterate through every single ALC
target τi, and invoke A∗ algorithm to calculate l(pr,pτi ,M) for Nτ

times. By using our method, we only need to invoke A∗ for Nbnb times.
This saves computation power and time.

Fig. 5: Box plots of exploration speed (explored area divided by exploration
duration) for ALCv1 (18 runs) v.s. ALCv2 (22 runs). Because ALCv2
is triggered opportunistically to reduce pose graph uncertainty rather than
being triggered periodically and frequently, exploration can be concluded
more efficiently.

VIII. CONCLUSION AND FUTURE WORKS

The paper introduces a probabilistic ALC framework for
autonomous exploration to improve map quality. It models
loop closure as a probabilistic event and introduces a reward
function to guide ALC planning, aiming to reduce pose graph
uncertainty. A branch and bound method is proposed to find
the target pose efficiently, reducing computational burden.

The future works include (1) using data-driven methods
to model the probability of getting loop closures; (2) show-
ing the equivalence between Neighbor and full graph D-
optimalities; (3) using Neighbor D-optimality on device.
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