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ABSTRACT A graph-based particle filter bathymetric simultaneous localization and mapping (BSLAM)
method is proposed to solve the oscillation problem of the trajectories estimated by particles when using
a low precise vehicle motion model and obtain accurate navigation results for autonomous underwater
vehicles (AUVs). A graph-based trajectory update method is proposed to update the trajectories stored in
particles before particle weighting to weaken the influence of the low precise odometer model on the particle
trajectories. A particle weighting method based on submap matching is proposed to improve the robustness
of the particle filter. Besides, a graph-based map generation method is proposed to solve the map selection
problem of the particle filtering theory. The performance of the proposed method is demonstrated using a
simulated dataset and a field dataset collected from a sea trial. The results show that the proposed method is
more accurate and effective compared with a state-of-art particle filter BSLAM method.

INDEX TERMS Autonomous underwater vehicle, bathymetric simultaneous localization and mapping,
particle filter, pose graph optimization.

I. INTRODUCTION
Autonomous underwater vehicles (AUVs) are widely used
in underwater topography mapping to obtain high-resolution
bathymetric maps [1], [2]. Precise positioning and navigation
are the prerequisites for accurate mapping [3]. Conventional
underwater navigation methods, such as the long-baseline
and ultrashort-baseline acoustic positioning methods require
external equipment or support from the vessel [4]. Dead
reckoning (DR) can provide short-term navigation results
for AUVs without external supplements, but the navigation
error accumulates over time, thus rendering it unsuitable for
long-term underwater positioning [5].

Simultaneous localization and mapping (SLAM) enables
AUVs to construct a map of unknown environments and
positions AUVs in the same map simultaneously [6]. Many
SLAM methods estimate the difference between the states of
a vehicle by calculating the similarity of associated features,
but due to the lack of identifiable features (such as valleys or
mountains) on seabed topographies, the feature-based SLAM
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methods are not suitable for underwater environments [7].
Bathymetric SLAM (BSLAM) is a featureless SLAMmethod
that directly uses the terrain information collected by the
sensors (often a multibeam sonar) to measure the differ-
ence between the previous and current observations, hence
it bypasses the feature extraction problem [8].

Particle filter BSLAM methods are normally based
on grid or trajectory map representations. The bathymet-
ric distributed particle SLAM (BPSLAM) presented by
Barkby et al. [9] is a particle filter BSLAM method using
the grid map representation. In this method, each grid stores
estimated terrain depths and the corresponding particle IDs.
The particles are weighted by the information stored in the
grids, and their maps are constructed through the particle
ancestry tree. This method was also applied in iceberg map-
ping [10]. However, as this representation requires huge
memory resources, it is not suitable for large-scale seabed
mapping. Besides, the resolution of grids influences the preci-
sion of the bathymetric map. Another particle filter BSLAM
method proposed by Barkby et al. [11] is based on the tra-
jectory map representation, which maintains each particle
map by the particle ancestry tree and a list of bathymetric

85464 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/ VOLUME 9, 2021

https://orcid.org/0000-0001-8509-7136
https://orcid.org/0000-0002-6917-8865
https://orcid.org/0000-0002-5609-7388
https://orcid.org/0000-0002-0195-4880
https://orcid.org/0000-0002-4408-9153


Q. Zhang et al.: Bathymetric Particle Filter SLAM With Graph-Based Trajectory Update Method

FIGURE 1. The process noise in the odometer model influences the
trajectory stores in a particle.

observations shared by all particles. Each particle stores an
individual trajectory since the last execution of the resam-
pling, and entire trajectories of particles can be reconstructed
by accessing the corresponding particles and their parent IDs
from the ancestry tree. This method greatly reduces the mem-
ory consumption compared with BPSLAM, but the particle
weighting based on Gaussian process regression requires a
substantial amount of computational resources.

Besides, the particle filter BSLAM methods listed above
have three weaknesses:

1) Only current bathymetric observations are considered
in particle weighting. As the number of valid measure-
ment points input to the particle weighting is limited,
these methods may face perceived ambiguity problems
when dealing with similar topography.

2) As shown in Fig. 1(b), if the process noise in the
odometer model is large, which leads to the oscilla-
tion of the particle trajectories, the particle trajectories
cannot effectively represent a posterior hypothesis of
the vehicle. As the final map selection is used in these
methods to choose a particle and its trajectory as the
output at the end of the mission, the results of the
BSLAM are influenced by the unreliable odometer
model.

3) As an online SLAM method, the historical positions
stored in each particle cannot be updated based on cur-
rent bathymetric observations in particle filter BSLAM.
The results provided by the particle filter BSLAM are
only the optimal state at the current moment.

The contributions of the paper are combining the particle
filter BSLAM framework with graph theory to solve the
above problems, specifically:

1) A trajectory update method based on graph theory
is designed to reduce the influence of the unreliable
odometer model on the trajectories stored in particles.

2) A particle weighting method based on submap match-
ing is proposed to allowmore validmeasurement points
include in particle weighting.

3) Amap generationmethod based on graph theory is used
to solve the map selection problem of the particle filter.

The rest of this paper is organized as follows. Section II
outlines related work. Sections III and IV detail the proposed
algorithm, and Section V presents the results of the playback
experiments. Finally, we draw the conclusions in Section VI.

II. RELATED WORK
BSLAM methods can be classified as filter-theory-based or
graph-theory-based:

A. FILTER-THEORY-BASED BSLAM
Roman and Singh [12] proposed a BSLAM method based
on the delayed state Kalman filter. The point cloud map
is divided into groups of submaps, the trajectory is con-
strained by pairwise matching the overlapping submaps.
Another approach reported by Palomer et al. [13] used a
two-step Probabilistic Iterative Closest Point (ICP) algo-
rithm in submap matching to reduce the computational time
and the probability of falling into local minima during the
registration. Although the above methods reduce the errors
among submaps, they cannot handle the internal errors within
the submaps Fairfield et al. [14] proposed a particle filter
BSLAM using the occupancy grid-based volumetric map
representation. The datasets collected from the closed cave
and open marine environment demonstrated this method can
generate a consistent three-dimensional bathymetric map.

B. GRAPH-THEORY-BASED BSLAM
Bichucher et al. [15] proposed a BSLAM method using
Generalized ICP to provide a translation constraint between
overlapping submaps. Another robust method proposed by
Ma et al. [16] used the multi-window consistency method to
avoid the influence of invalid loop closures on results, and its
performance has been demonstrated in several experiments.

As featureless SLAM uses bathymetric measurements as
observations, the noise of the sensors influences the perfor-
mance of BSLAM. Particle filter (PF) is a non-parametric
implementation of Bayes filter that can be used to approxi-
mate the probability distribution of a state by a set of sam-
ples (particles) from the distribution [17]. In PF BSLAM,
as each particle contains its ownmap (trajectory), and the par-
ticles are evaluated with their previous observed topography
to find the best fit, the PF framework is considered suitable
for BSLAMdue to its robustness. The PFBSLAM framework
used in the proposed method is given in Algorithm 1.

III. PARTICLE PROPAGATION
By using the high precision fiber optic gyrocompass and
altimeter, the impact of the systematic error of depth, heading,
pitch, and roll on the vehicle state is virtually negligible,
the particle filter only focuses on tracking the uncertainty
of the AUV on horizontal positions [9], [11], [14], [16]. Thus,
the particle set P(t) with N particles at time t is given by

P(t) =


S(t)1 . . . S(t)n . . . S(t)N
Trj(t)1 . . . Trj(t)n . . . Trj(t)N
w(t)
1 . . . w(t)

n . . . w(t)
N

L1 . . . Ln . . . LN

 , (1)
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Algorithm 1 PF BSLAM framework
for time t = 1 to total mission time (T ) do
Input particle set at time t – 1 (P(t−1)), control at time t

(u(t)), bathymetric observations collected using a multibeam
sonar at time t (z(t)).
for particle n = 1 to particle set size (N ) do
Propagate the position of particle n : S(t)n ∼

p(S(t)n |ut , S
(t−1)
n ).

Propagate the map stored in particle n : Trj(t)n ∼

p(Trj(t)n |S
(t)
n ,Trj

(t−1)
n ).

Update the weight of particle n: w(t)
n ∼ p(zt |S

(t)
n ).

end for
Resample the particle set.
Update the map based on surviving particles.
Output P(t).

end for

where S(t)n is the horizontal position of the particle n at time
t , Trj(t)n is the trajectory (historical positions) of the particle
n from the beginning of the mission to the time t , w(t)

n is
the weight of the particle n, and Ln is the loop closures
detected by the particle n. To reduce memory consumptions,
each particle only stores its own trajectory, and a point cloud
map can be constructed by the trajectory and corresponding
bathymetric observations.

A. PARTICLE STATE PROPAGATION
At the beginning of themission, all the particles are initialized
with the ground-truth location of the AUV obtained by GPS
or acoustic positioning methods. At time t , an odometer
model is applied to update the state of the particle n:

S(t)n = S(t−1)n + u(t) + ω, (2)

where u(t) is the control vector at time t and ω is a process
noise with Gaussian distribution.

B. PARTICLE MAP PROPAGATION
As an online BSLAM method, the conventional PF BSLAM
not attempts to update historical positions of the particles,
and the posterior distribution approximated by particles only
represents the optimal approximation of the vehicle at the
current time. It leads to a problem that S(t)n is regarded as
the high likelihood estimated positions of the vehicle but
Trj(t)n is probably not the high likelihood estimated trajectory.
Besides, the trajectories stored in particles are influenced
by the process noise ω. These trajectories used in particle
weighting and output are unreliable when the value of ω is
large. To prevent the issues, a pose-graph-based particle map
propagation is conducted after the particle state propagation.

The pose graph theory is commonly used in BSLAMmeth-
ods [18]–[20]. As a full SLAM method, the graph BSLAM
updates the map based on all historical bathymetric mea-
surements. However, it is sensitive to invalid loop closures,
which means even a single invalid closure may lead the

FIGURE 2. Pose graph structure with two loop closure edges.

method to fail. The combination of the PF and pose graph
can solve the problem that PF faces. Meanwhile, PF uses
samples to approximate real distribution, which avoids the
robust problems of the pose graph.

The pose graph consists of nodes and edges. In the pro-
posed BSLAM, after a particle n is updated by the odometer
model, when the minimum horizontal distance between S(t)n
and Trj(t−td)n is less than a predefined distance R, a loop
closure lm is considered detected

lm =
{
ti, tj,

⇀

Vm

}
, (3)

where td is a predefined time, m is the index of the loop clo-
sure, ti and tj are the current time and the time corresponding
to the historical position that closest to S(ti)n , respectively, and
⇀

Vm is the relative positions between S(ti)n and S
(tj)
n

⇀

Vm = S(ti)n − S
(tj)
n . (4)

Then Ln with m loop closures is defined as

Ln = {l1 . . . lm} . (5)

The pose graph is then constructed according to
Ma et al. [16], as shown in Fig. 2. A pose graph with m
loop closures has 2m + 1 nodes, m loop closure edges and
2m-1 weak data association edges. The nodes in the pose
graph are the offsets of the positions provided by DR at the
times in Ln (denoted as 1DR(t)). For lm

Nodei : 1DR(ti) = S(ti)n − DR(ti), (6)

Nodej : 1DR(tj) = S
(tj)
n − DR(tj), (7)

where DR(t) is the position provided by the DR system at
time t . The loop closure edge connects Node i and Node j
is defined as
Loop closure edge i-j:

DR(ti) +1DR(ti) − (DR(tj) +1DR(tj))−
⇀

Vm, (8)

as shown in Fig. 3.
After sorting nodes in chronological order, for every three

nodes that adjacent in time, a weak data association edge
is constructed based on the terrain correlation correcting
method [21]:
Weak data association edge I-J-K:

atJ1DR(tI ) + (1− atJ )1DR(tK ) −1DR(tJ ) tI < tJ < tK , (9)

where atJ is calculated as

atJ = (
tJ∑
t=tI

1/p(S(t)|S(t−1)))/(
tK∑
t=tI

1/p(S(t)|S(t−1))), (10)
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FIGURE 3. The vectors used in loop closure edge generation.

and I , J , K are the node indexes that adjacent in time, respec-
tively. p(S(t)|S(t−1)) is the interframe motion uncertainty of
the vehicle, where S(t) is the vehicle position at time t .
p(S(t)|S(t−1)) can be estimated using the similarity between
the predicted and actual bathymetric observations. The ter-
rain prediction methods such as Gaussian process regres-
sion are usually applied to calculated p(S(t)|S(t−1)). However,
as terrain prediction methods require a substantial amount of
computational resources. For an accurate inertial navigation
system, we assume that interframe motion uncertainty of the
vehicle is approximately constant with value p, hence (10) is
approximated as

atJ = (
tJ∑
t=tI

1/p(S(t)|S(t−1)))/(
tK∑
t=tI

1/p(S(t)|S(t−1)))

≈ (
tJ∑
t=tI

1/p)/(
tK∑
t=tI

1/p) = (tJ − tI )/(tK − tI ). (11)

Besides all the nodes of loop closures, an initial fixed node
is added into the graph to make the graph computable, which
defined asNode 0:1DR(t=1). As the position provided by the
DR is corrected byGPS at time t = 1,1DR(t=1) is considered
as a zero vector, and the value of 1DR(t=1) is not changed
during the graph calculation.

According to the pose graph, a least squares problem

1DR∗

= arg min
∑∥∥atJ1DR(tI )+(1− atJ )1DR(tK ) −1DR(tJ )∥∥2
+∑∥∥∥DR(ti) +1DR(ti)−(DR(tj)+1DR(tj))− ⇀

Vm

∥∥∥2

(12)

is constructed, and this graph is optimized by general graph
optimization (G2o), detailed explanations of the G2o can be
found in [22].

After the graph is optimized, the corrections of the DR
navigation results between two adjacent nodes are calculated

FIGURE 4. Submaps used in particle weighting, for tc = 2.

based on the same assumption of (11):

1DR(t) = at1DR(tI ) + (1− at )1DR(tJ ). (13)

Then the historical positions stored in a particle n at time i
(S(i)n ) are updated by

S(i)n = DR(i) +1DR(i)i ∈ [1, t], (14)

Trj(t)n = S(1:t)n . (15)

IV. PARTICLE WEIGHTING AND MAP SELECTION
After the particle map propagation, if the particle n is close to
its previous trajectory, this particle is weighted by submap
matching. Compared with the weighting method that only
includes current bathymetric observations, submap matching
allows more valid measurement points in particle weighting,
hence improves the robustness of the particle filter.

A. PARTICLE WEIGHTING
The same as the loop closure detection method described in
Section III, if the minimum distance between the position
of the particle n at current time t and its trajectory from
t = 1 to t − td is below R (the corresponding time of the
closest historical position is denoted as tl), two temporary
point clouds are generated:
Submap A (from time t − tc to t), and
Submap B (from time tl − [tc/2] to tl + [tc/2]),

where tc ∈ N ∗ is a predefined value relative to the number
of bathymetric swaths in submaps. As the horizontal posi-
tions of the measurement points are relative to the estimated
positions of the vehicle, the submaps can be constructed by
combining the trajectory and the bathymetric observations at
the corresponding time, as shown in Fig. 4.

To estimate the similarity between submaps, the inverse
distance weighting (IDW) method [23] is applied to interpo-
late Submap B to obtain the corresponding terrain depth at
the same position of Submap A. Assumed that the difference
between the bathymetric measurements at the same posi-
tions between submaps follows a Gaussian distribution [11],
the weight of particle n is calculated as

w(t)
n =

1
I

I∑
i=1

p(z(i)A = z(i)B ), (16)
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p(z(i)A = z(i)B ) = exp(
−(z(i)A − z

(i)
B )2

2σ 2
s

)/
√
2πσ 2

s
. (17)

where z(i)A and z(i)B are the terrain depths of the Submap A and
Submap B at the same horizontal position i, I is the number
of the same horizontal positions between submaps, and σ 2

s
is

the measurement variance of the sensor, respectively.
If the closest distance between particle n and its previ-

ous trajectory is out of R, the bathymetric measurements
associated with the estimated current position of the vehicle
stored in this particle are not considered overlapped with the
historical bathymetric measurements, hence the particle n is
not included in particle resampling.

After the particle weighting, if the effective particle size
Neff

Neff =
1

N∑
n=1

[w̃(n)]2
(18)

is less than a defined value Nth, the particles are resam-
pled [24], where w̃(n) is the normalized weight of the
particle n.

B. MAP GENERATION
As each particle maintains a trajectory, it is important to
develop an online method to generate the optimal trajectory
of the vehicle. The commonly used map selection meth-
ods [9], [12] are offline, but online map generation is essential
in the tasks like path planning. The online map selection
method proposed by Barkby et al. [11] only compares the
registration error between two submaps, one is generated by
the currently observed swath and the other is a fusion of all
previous overlapping swaths, the accuracy of this method is
worse than offline map selection methods.

To generate the estimated trajectory of the PF BSLAM in
real-time, a graph-based map generation method is proposed.
The estimated positions of the vehicle between each time
interval are considered as nodes, and the i-th node is defined
as: Node i: V (its)

s , where ts is a predefined time interval. The
same as Section III B, the fixed node V (t=1)

s is added in the
graph, as well as the estimated position of the vehicle at
time t .

The edges of the graph consist of the particle position edges
and the week data association edges detailed in Section III B.
The particle position edge represents the difference between
the estimated position of the vehicle and the position stored
in the particle
Particle position edge at time t:

V (t)
s − S

(t)
n . (19)

According to the graph shown in Fig. 5, a least squares
problem

1V ∗s =arg min


∑∥∥∥atJV (tI )

s +(1− atJ )V
(tK )
s − V (tJ )

s

∥∥∥2
+∑∥∥∥V (its)

s − S(its)n

∥∥∥2+∥∥∥V (t)
s − S

(t)
n

∥∥∥2

(20)

FIGURE 5. Graph structure with five nodes, and each node has three
particle position edges, for N=3.

FIGURE 6. Sea trail region corresponding to experimental data.

is constructed, and the graph is optimized by G2o. The offset
between the positions of DR(its) and V

(its)
s is calculated as

1DR(its) = V (its)
s − DR(its). (21)

Then the offsets of the positions provided by DR at each
time are generated using (13), and the estimated positions of
the vehicle are calculated as

V (j)
s = DR(j) +1DR(j) j ∈ [1, t] . (22)

V. PLAYBACK EXPERIMENTS
Two sets of playback experiments were conducted by using a
simulated dataset and a field dataset. The original bathymetric
data were collected from the sea trials around Zhongsha Reef,
China, as shown in Fig. 6.

The BPSLAM detailed in Section I was used for com-
parisons. As DR data were not collected in experiments,
the navigation results provided by DR were simulated by
adding Gaussian Noise to the GPS data as follows:

DRt = DRt−1 + GPSt − GPSt−1 +N (me, σ 2
e ), (23)

where GPSt is the position of the vehicle provided by GPS at
time t , me and σe are the mean, and the standard deviation
of the Gaussian noise, respectively. The simulations were
executed on a computer with Intel Core i5-6300HQ CPU and
16 GB RAM.
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FIGURE 7. Experimental equipment for data collection.

FIGURE 8. SLAM results for 500 particles. (c)-(e) are the maps generated by different trajectories.

A. EXPERIMENTS ON SIMULATED DATA
The original bathymetric data were collected by a Kongsberg
GeoSwath Plus multibeam bathymetry system installed in a
vessel with a sampling frequency of 1 Hz, as shown in Fig. 7.
The differential GPS provided the actual horizontal position
of the vehicle with 20 cm accuracy. The heading, pitch, and
roll observations were yielded by a Fiber-optic gyroscope
with an accuracy of 0.1◦. The length of the vessel’s trajectory
is around 8 km in 3613 s. Each simulated swath contains
141 bathymetric measurement points. The parameters used
in the simulations were: me = 0.012m, σe = 0.01m, σs =
0.2m, N = 400, ω ∼ N (0, 0.25 m2). For the proposed
method: R = 2m, td = 500, tc = 20, ts = 500. The resolution
of the grid in BPSLAM was set as 1 m.

A group of results are demonstrated in Fig. 8. As the
map selection method in BPSLAM is an offline method, the

real-time error of the BPSLAM was calculated according to
the mean of the trajectories stored in particles (mean tra-
jectory). At the end of the mission, we choose the particle
trajectory with the smallest error (best particle) as the output
of the BPSLAM. The errors of BPSLAM (mean trajectory),
BPSLAM (best particle), and the proposed method were
11.21, 7.46, and 3.19m at the end of themission, respectively.
The computation times of the BPSLAM and the proposed
method were 712.55 s and 69.45 s, respectively. After several
particle resampling, the proposed method provided accu-
rate results after 2750 s. The proposed method was 57.2%
more accurate than BPSLAM at the end of the mission.
Besides, because the proposed method saves time for grid
map updates, it was also 90.2% faster than BPSLAM.

As shown in Fig. 9, the standard deviations of the par-
ticle set in both methods fluctuated after each resampling.
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FIGURE 9. The standard deviation of the positions of the particles.

FIGURE 10. Effect of number of particles on BPSLAM. Each blue point represents the result of one test, and the red triangles
indicate the mean of each group.

Normally the resampling reduces the standard deviation, but
as not all the particles are included in particle resampling,
the difference between particle positions may increase after
resampling.

To test the stability of the methods, we considered the
number of particles N = 100, 300, 500, 700, 1000, and
executed 20 Monte Carlo tests for each case. As shown
in Fig. 10 and 11, the accuracy and stability of both methods
were improved by increasing the particle number. However,

the proposed method had better accuracy and stability com-
pared with BPSLAM when using the same particle set size.
When N = 1000, the average error of the proposed method
(5.27 m) was 47.2% lower than BPSLAM (9.99 m).

The run times of the methods are shown in Fig. 10(c) and
Fig. 11(b), with the increment of the particle set size, the
BPSLAM took more time in grid map update. The proposed
method also took a substantial amount of computational
resources in particle weighting as the particle increased, but
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FIGURE 11. Effect of number of particles on the proposed method. Each blue point represents the result of one test, and the red
triangles indicate the mean of each group.

FIGURE 12. CMBS200 multibeam sonar.

FIGURE 13. SLAM results for 300 particles.

it only took 137 s even in 1000 particles, which is 3.7% of
the mission duration. By contrast, the average run time of
BPSLAM was 3084 s when using 1000 particles.

Thememory usage of the BPSLAM is shown in Fig. 10 (d).
Compared with the proposed method that the memory usages
were all 0.16 GB in different particle numbers, the BPSLAM
took a substantial amount of memories during the mission
even with the distributed map representation.

B. EXPERIMENTS ON FIELD DATA
The experiments using both accurate and unreliable odometer
models were conducted. As shown in Fig. 12, the bathymetric

data used in the experiments were collected by a shipborne
T-SEACMBS200 200 kHzmulti-beam sonar with 173 beams
spread equally over a sector of 120 degrees with a sampling
frequency of 4 Hz. Navigation data including heading, pitch,
roll angles were provided by the StarNeto XW-GI5651 iner-
tial navigation system with an angular accuracy of 0.1◦. The
NovAtel ProPak-LB differential GPS provided the 20 cm
positioning accuracy.

1) EXPERIMENTS USING ACCURATE ODOMETER
The parameters used in the simulations were: me = 0.002m,
σe = 0.005m, σs = 0.2m, N = 300, ω ∼ N (0, 0.04 m2).
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FIGURE 14. The standard deviation of the positions of the particles.

FIGURE 15. Bathymetric maps generated using different navigation solutions.

For the proposed method: R = 20m, td = 500, tc = 50,
ts = 500. The resolution of the grid in BPSLAM was set as
1 m. In the proposed method, after submaps are generated,
if the variance of the submap terrain depth is below 0.5 m2,
the submap is considered flat. As the particle weights calcu-
lated based on flat terrain are unreliable, the particles which
at flat terrain location are not included in the resampling.

A group of results are demonstrated in Fig. 13. As the
particles at the correct positions but with wrong trajectories
were given high weights, the real-time average navigation

errors of BPSLAMfluctuated during the mission, which even
larger than the DR errors at some periods. The proposed
method provided accurate and stable navigation results after
3250 s. The only fluctuation occurred in 3100 s. Because the
graphs constructed by particles were not stable enough when
the number of loop closures stored in particles was small.

The errors of BPSLAM (mean trajectory), BPSLAM (best
particle), and the proposed method were 8.86, 8.16, and
2.43 m at the end of the mission, respectively. The pro-
posed method was 70.22% more accurate than BPSLAM.
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FIGURE 16. The performance comparisons between BPSLAM and the proposed method.

FIGURE 17. SLAM results for 2000 particles.

The computation times of the BPSLAM and the proposed
method were 2179.74 s and 1918.27 s, respectively. As the
value of R was set as 20 m in the simulations to detect
more loop closures, the proposed method spent more time
in particle weighting. Hence the proposed method only 12%
faster than BPSLAM.

As shown in Fig. 14, the BPSLAM faced the particle
depletion problem after 3500 s, most of the particles were
replaced by high weight particles. The standard deviation of
the particle positions was greatly decreased. If no survival
particle reflects the correct state, it will be hard for the
BPSLAM to recover [25]. The proposed method has better
robustness compared with BPSLAM.

As shown in Fig. 15, the mean trajectory and the best
particle trajectory provided by BPSLAM had a similar accu-
racy, which was 0.63 m and 0.62 m, respectively. The mean
registration error of the proposed method was 0.53 m, with
60.28% of the measurement errors remaining below 0.5 m.
The proposed method has a better mapping performance.
As the registration error of the map is sensitive to small posi-
tion errors in areas with high terrain gradient, the registration
errors of these areas are larger.

The results of 20 Monte Carlo tests on both methods are
shown in Fig. 16, the average error of the proposed method
was 4.77 m, which was 61.35%more accurate than BPSLAM
using the mean trajectory (12.35 m) and 47.88% more accu-
rate than BPSLAMusing the best particle trajectory (9.15 m).
The proposed method (1887 s) was also 15.4% faster than
BPSLAM (2230 s).

2) EXPERIMENTS USING INACCURATE ODOMETER
To test the performance of the proposed method using an
unreliable odometer, the odometer noise ω was set a big
value: ω ∼ U (−1.5m, 1.5 m), the parameters of DR were
set as: me = 0.012m, σe = 0.01m. As the BPSLAM is
difficult to get available results under this condition, only the
results of the proposed method are shown. The parameters
of the proposed method were the same as the experiments
using accurate odometer, except the number of particles was
set as: N = 2000 to ensure the distribution of particles at the
correct state. The Kullback-Leibler distance (KLD) sampling
was used in the experiments to decrease the particle number
after resampling and reduce the computational costs, more
details of the KLD sampling can be found in [26].
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FIGURE 18. Bathymetric maps generated by the proposed method.

20 Monte Carlo tests were conducted, and a group of
results is demonstrated in Fig. 17. Although the mean error
of the proposed method (9.15 m) was 47.87% larger than
the proposed method under small odometer error (4.77 m),
it was still 25.91% more accurate than the BPSLAM under
small odometer error (12.34 m). As the benefit of the KLD
sampling, the run-time of the proposed method was 1930 s,
which was similar to the run-time of the proposed method
using 300 particles.

The bathymetric map generated by the proposed method is
shown in Fig. 18, the mean registration error of the proposed
method was 0.53 m, and 59.60% of the errors were below
0.5 m. The proposed method can still generate an accurate
bathymetric map when the value of the odometer noise is
large.

VI. CONCLUSION
We proposed two graph-based methods to improve the PF
BSLAM performance when using an unreliable odometer
model. The following conclusions can be drawn:

1) The graph-based particle map propagation method
reduces the oscillation of the particle trajectories and
improves the accuracy and stability of the particle filter.

2) The graph-based final map generation method can out-
put the accurate vehicle trajectory online.

3) The playback experiments show that the proposed
BSLAM method can provide accurate navigation and
mapping results in different environments.

The proposed method needs sufficient particles to cover
the correct states when the odometer model is unreliable.
A large number of particles influence the real-time perfor-
mance of the PF BSLAM. The use of GPU programming can
improve the real-time performance of the proposed method.
The implementation of the proposed method on an AUV will
also be our future work.
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