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ABSTRACT

The operation of remotely operated underwater vehicles in underwater environments always
faces the challenge of lacking GPS signals, leading to the accumulation of positioning errors over
time. This instability in motion significantly reduces the efficiency and safety of practical
operations such as infrastructure inspection, seabed surveying, and search and rescue missions.
This paper presents a Simultaneous Localization and Mapping (SLAM) method based on enhanced
sonar data for the operational capability of underwater vehicles. The proposed algorithm fuses
data from sonar with an inertial measurement unit (IMU) within an Iterated Extended Kalman
Filter (IEKF) framework to optimize the vehicle's trajectory and correct for accumulated errors.
By processing sonar data to extract features and then generating loop closure constraints to
combine with motion estimates from odometry, the proposed model optimizes the entire trajectory
of the vehicle and effectively corrects accumulated errors. The results obtained are highly accurate
pose estimates and a consistent map of the operational environment throughout the voyage. The
successful implementation of this algorithm demonstrates great potential in enhancing the
autonomy, reliability, and operational efficiency of underwater vehicles in practical applications.
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1. INTRODUCTION

The underwater environment poses a fundamental and insurmountable challenge to positioning
technologies based on electromagnetic waves. Radio waves, especially at frequencies used by the
Global Positioning System (GPS), attenuate extremely rapidly in water. The absorption and
scattering of the aquatic medium make GPS signals completely unable to penetrate the surface, even
at very shallow depths. Therefore, autonomous underwater vehicles (AUVs) and remotely operated
vehicles (ROVs) operate in a "GPS-denied environment." Without an absolute global reference
frame, an underwater vehicle can only rely on its own sensors to determine position. Inertial
measurement units (IMUs) and Doppler velocity logs (DVLs) can provide estimates of relative
position changes (dead reckoning), but these measurements are imperfect and contain errors. Over
time, these small errors accumulate, leading to a phenomenon called "drift," causing the vehicle's
position estimate to increasingly deviate from its actual position. In this context, Simultaneous
Localization and Mapping (SLAM) technology [1] emerges as an inevitable and fundamental
solution. SLAM addresses the classic problem in robotics: to build an accurate map, the robot needs
to know its position; but to know its position, the robot needs a map for reference. SLAM enables a
vehicle, when deployed in a completely unknown environment, to simultaneously perform two tasks:
building a map of the surrounding environment and determining its own position (localization)
within the newly created map. This is a foundational capability that allows for true autonomous
operations, from seabed surveying, infrastructure inspection, to search and rescue missions.

Currently, worldwide, research on SONAR SLAM has yielded many promising results, with
each type of SONAR providing different data characteristics [2], which can be applied to specific

Journal of Military Science and Technology, Special Issue of IITE, Oct. 2025, 27-34 27



Electronic Engineering

cases. Each type has its advantages, disadvantages, and unique challenges for each object. Among
them, the most commonly used form of SONAR is Forward-Looking Sonar (FLS) [3]. The
principle of FLS and Multibeam Forward-Looking Sonar (MFLS) operates by emitting one or
more wide acoustic beams in a cone or fan shape ahead of the vehicle. The system then receives
the echoed signals to create a two-dimensional (2D) image of the environment. This image is
typically represented in polar coordinates, with each pixel indicating the intensity of the reflected
signal at a specific range and bearing. Due to its ability to provide an overview of the area ahead,
FLS is very useful for real-time navigation tasks such as obstacle detection and avoidance. It has
also been successfully applied in SLAM problems, especially in environments with artificial
structures like ship hull inspections, breakwaters, or dam structures, where line and plane features
are the most important. The limitation of this approach is the elevation ambiguity. Since FLS only
measures range and bearing, it cannot distinguish between two objects at the same range and
bearing but at different elevations within the vertical beam angle. Additionally, sonar images from
FLS [3] have low resolution, low texture, and low signal-to-noise ratio (SNR). This makes
extracting stable and reliable point features extremely difficult, leading to feature sparsity and
false-positive data associations.

The second model commonly used is Side-Scan Sonar (SSS) [4]. SSS is designed for seabed
mapping, consisting of two transducers mounted on both sides of the vehicle, emitting narrow fan-
shaped acoustic beams vertically and wide horizontally. As the vehicle moves forward, SSS
records a sequence of acoustic intensity slices from the seabed. By stitching these slices together,
it creates a detailed intensity image, similar to an aerial photograph, of a large seabed area. SSS is
the standard tool for large-scale seabed surveying, habitat mapping, and detecting seabed targets
such as shipwrecks, pipelines, or other anomalies. With high resolution and wide coverage, SSS
images contain abundant information that can be used for precise localization in SLAM. However,
SSS does not directly provide 3D data about the terrain. SSS images are a 2D projection of the 3D
seabed, and due to geometric distortion, the recorded distances are "slant range" (the slant distance
from the sonar to the seabed), not "ground range" (the horizontal distance on the seabed). To use
effectively, these images need to be corrected based on the vehicle's altitude relative to the seabed.
Registering overlapping SSS images to determine the vehicle's relative motion is a difficult
problem, precisely because of this lack of direct 3D information.

The choice of sonar sensor is not merely a hardware decision; it shapes the entire architecture
and challenges of the SLAM system. There is a clear trade-off between data richness and cost.
Therefore, selecting a sonar sensor equates to choosing a set of algorithmic problems to solve. In
this paper, the research group uses the Iterated Extended Kalman Filter (IEKF) algorithm applied
in SONAR SLAM to enhance efficiency with FLS SONAR data collected from real environments.
From these analyses, this paper is presented in the following order: Chapter 1 provides an overview
of SONAR SLAM and practical applications; Chapter 2 covers the theoretical computational
foundations; Chapter 3 includes computational simulations, results, and evaluations; Finally,
conclusions and future research directions.

2. THEORETICAL COMPUTATIONAL FOUNDATIONS

2.1. Extended Kalman filter (EKF)

EKF is a version of the Kalman filter designed for nonlinear systems. In the underwater motion
system of the unmanned underwater vehicle model integrated with SONAR SLAM, the physical
nature of the vehicle's motion and the way SONAR acquires and processes data are both considered
nonlinear. EKF addresses this by linearizing the nonlinear models at the current estimate point
through first-order Taylor expansion [6].

The EKF-SLAM process includes two main steps [6]:
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Step 1: Prediction

Based on the vehicle's motion model (from IMU data), the filter predicts the vehicle's next pose
and increases its uncertainty (covariance matrix).

Step 2: Update

When the sonar observes a landmark, the filter compares the actual measurement with the
expected measurement. The difference (innovation) is used to correct the ROV's pose and the
landmark's position, while reducing uncertainty.

The core weakness of EKF: The Update step only performs linearization of the nonlinear
measurement function once at the predicted state point. If the system is highly nonlinear, this
linearization can cause significant errors, leading to inaccurate estimates and even filter divergence
over time.

2.2. Proposed IEKF model implemented on real data

The Iterated Extended Kalman Filter (IEKF) [6] was developed to overcome the weaknesses
of EKF. Instead of accepting a single linearization, IEKF refines the state estimate in the Update
step by repeating the linearization and correction process multiple times. Essentially, the IEKF
update step solves a nonlinear least squares optimization problem iteratively. In this paper, we
propose the Update steps in IEKF as follows:

A. Initialization
Initialization: Start with the predicted state from the Update step, call it the initial estimate x,

B. Start loop
a. At iteration j, take the current estimate x,.

b. Relinearize: Linearize the nonlinear measurement function /(x) around the current estimate
x; (instead of only linearizing around the initial predicted state as in EKF). This creates a more

accurate Jacobian matrix H ().

c. Compute correction: Use H (j)to compute the Kalman Gain and correct the state, producing
a new, better estimate x(j+1).

d. Repeat steps (b) and (c¢) with the new estimate x(j +1).

C. End loop

After a certain number of iterations or when the change between x(j +1) and x; is sufficiently
small, the loop ends. The final estimate is accepted as the corrected state.

In this way, IEKF finds a much better linearization point than EKF, minimizing errors due to
linearization and providing a more accurate state update.

2.3. Using IEKF

In SONAR SLAM, IEKF is integrated as the back-end filter to simultaneously estimate the
ROV's pose and the positions of environmental landmarks.

A. Input data (inputs)

a. Control/motion data (for prediction step)

IMU (Inertial Measurement Unit): Provides angular velocity and linear acceleration.
DVL (Doppler Velocity Log): Provides the ROV's velocity relative to the seabed.
Depth sensor: Provides depth information (Z coordinate).

b. Observation data (for update step)

Sonar: Provides measurements of the environment, typically in the form of ranges and bearings
to reflection points. This raw data is preprocessed to extract landmarks and create point clouds.

Journal of Military Science and Technology, Special Issue of IITE, Oct. 2025, 27-34 29



Electronic Engineering

B. Processing model

a. State vector

The state vector x of the SLAM system includes:

ROV's pose: X, =[x,y,z,9,0, v]

Positions of all identified landmarks: m,,m,,... .

Full state vector: x = [er,mlr,mzr,. . .,m,f,]r

b. Prediction

Using the ROV's kinematic model and data from the IMU, the filter predicts the new ROV pose
X, inaperiod k based on the position of £ —1

The covariance matrix P is updated to reflect the increase in uncertainty
c. IEKF update
When sonar detects an existing landmark s, already on the map, a measurement z, is recorded
Start IEKF loop:
Initialization: Set the initial estimate for the loop as the predicted state x, , = x,
Repeat j=0,1,2..N -1
Compute the expected measurement x, ; =h(x, ;)based on the current estimate. The
function /4 is a nonlinear function that computes the expected range and bearing from the current
ROV pose to the landmark m,
Compute the Jacobian H of the function 4 at the point x, ;

Compute Kalman Gain K
Update state: x

Loop result: Final state estimate x and covariance matrix 7,

C. Outputs

Optimal State Estimate: The state vector x,, is updated, providing the most accurate estimate
of the current attitude of the ROV and the locations of all landmarks in the map.

Update Covariance Matrix: A matrix B, representing the uncertainty of the state estimate. Its
value will decrease after each successful update, indicating increased system reliability.

3. RESULTS AND DISCUSSION

The SONAR SLAM model uses the EKF algorithm combined with invariance to maintain
consistency in the non-Euclidean state space, reducing linearization errors and improving accuracy
compared to the standard EKF in nonlinear environments like underwater navigation.

3.1. Input data

The real input dataset used in this paper was collected from an unmanned underwater vehicle
[8] equipped with scanned imaging sonar to simultaneously map the caves’ horizontal and vertical
surfaces, an inertial measurement unit, a depth sensor, and a vertically mounted camera imaging
the sea-floor for ground truth validation at specific points. The dataset includes landmarks, motion
data collected according to a fixed movement scenario, sequentially from landmark 1 to landmark
5, then back to landmark 4, landmark 3, landmark 2; then to landmark 6 and back to landmark 1.
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3.2. Implementation of the R-IEKF algorithm on the real-world dataset

The IEKF algorithm and its variant R-IEKF solve the SLAM (Simultaneous Localization and
Mapping) problem for AUV in caves, where the state vector x includes the ROV's pose (position

p<eR’, velocity ve R’, orientation R € SO(3)), biases IMU b,,b ¢ € R*, and landmark positions

m, € R’. The dynamics model is an underwater kinematic model with process noise

w ~ N(0,Q), measurement noise n~ A(0,R).

State space: x=[p’,v',R,b,b,.m/,...m¢]", with R is parametrized with quaternions or
matrices to maintain invariance.

Motion model (prediction): p=v, v=R(a—b,—w,)+g, R=R[o- b, —w,], with a,®
from IMU, [-], is a skew-symmetric matrix, g is gravity.

Measurement model (correction): z = 4(x) +n, where z includes velocity from DVL (z, =v),
depth (z, =p, ), heading from magnetometer (z, = yaw(R)), range and bearing to landmarks

detected respectively z,, =l p—m, I, Z(p—m,)).

Invariant property: IEKF uses Lie group structure (SE(3)) to make the error n=x © x invariant

under group action, ensuring P consistent covariance. The proposed algorithm RI-EKF is
implemented as an offline loop processing data from real-world datasets with initialization,
prediction, and iterative update; it is designed to maintain invariant property under group action
(reduce bias linearization in non-linear systems such as underwater navigation). Unlike standard

EKF, R-I-EKF uses right-invariant error =X OX =XX" to make the covariance P more
consistent, especially with rotation R € SO(3).

The R-I-EKF algorithm is proposed to verify the accuracy of the proposed solution on the real
dataset published in 2025 in the shallow underwater zone [8]. The algorithm is structured as follows:

Algorithm: R-IEKF for improving navigation

Input:

Dataset D={(u,,z,)};,,with u, =[a,,®,] from IMU, z, from measurements; Process noise
covariance Q, measurement noise R ; Initial state Xo, covariance P,.
Output: Estimated trajectory {x},_, , mapped landmarks {m;}, plots for visualization.
Initialization:

- Set Xo =x0,P, =P,.

- Load data from the dataset.

- If landmarks are not known, initialize m; from the first detection (augment state).
For each timestep k =1 to N (Main Loop):
a. Prediction Step (Propagate state using motion model):

- Compute predicted state: Xk = f(xXk-1,u, ), with f* is the discrete integration of the

motion model, R¢ =Ry exp([®, —bg.«-1]A?), landmarks static m =m;.

. 0
- Compute Jacobian F, = al |-
X k-1

- Propagate covariance: P, =F P,_ F, +G,QG;, , with G, is input Jacobian.
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b. Correction Step (iterative update for invariance):
For j=1to M (iterations, fix j =5 to converge):

- Compute innovation: y, =z, —h(x; 7), with & is measurement function.

- Compute Jacobian H, = %I . (linearize quanh current estimate).

- Kalman gain: K, =P H (H P H| +R)"

- Update state: X, ; =%, ®(Ky,), with @ is group addition for invariance

- Update covariance: P, =(I-K H,)P,(I-K H)" +K RK/.

Set X, =X, ,,

If a new landmark is detected (from z, ), augment state and P véi cross-covariance.

Post-processing and visualization:

. 1
Compute metrics: RMSE = \/NZ(P;{ Pk )*, where p o from ground truth cones.

Generate results containing landmark positions, and compare with other results.
Termination: After the loop, output results and plot comparisons.

The validation results are compared in three cases: using the proposed algorithm combining R-
IEKF-SLAM, using only IEKF from IMU data and using only Odometry (camera) data.

Orange line (Camera line) is the actual trajectory of the vehicle stored in the dataset when
passing fixed landmarks placed underwater. The coordinates are marked based on camera
observations and DVL integrated on the vehicle, which will be the basis for evaluating the accuracy
of other algorithms. EKF (blue line) is the trajectory estimated based only on the vehicle's internal
sensors (IMU). This is the result of the Prediction step in the Kalman filter, before any correction
from the external environment. RI-EKF Slam (green line) is the final trajectory estimated by the
RI-EKF SLAM algorithm. It is the result of combining the predicted trajectory with the sonar
observations to correct the errors. This is the result of both the Prediction and Update steps.

Accuracy and Drift: EKF drift is highest (~ 15 - 20 m in loops, ATE 8 - 12 m), due to non-
linear linearization bias (sonar/IMU noise underwater). RI-EKF Slam is lower (ATE 2 - 5 m),
due to invariant (consistent Ad(X) propagates P, reduces rotation error by ~ 30%). Camera is
lowest (ATE ~ 0), but is gt-like visual odometry, not a pure filter. In the figure, EKF "bulges"
lower loops (scale error 15%), RI-EKF Slam is close to Camera (scale 5%), showing that invariant
improves consistency.

Table 1. The performance between three algorithms.

Metrics EKF Camera RI - EKF
Absolute Trajectory ~ 8 -12 (high . ~2-5(50-60% lower
Error (ATE) (m) average drift) 0 (baseline) EKF)

Relative Pose Error ~2 -5 (highin <1 (local ~1-2(~50%

(RPE) (m) noisy curves) smoothness) improvement in EKF)
~5-8% (close to gt, 50%
~ 159 - )
Scale Error 15% 5 lower EKF)

Cone 2 - Pass Error ~1-3(~60%

(m) ~3-8 <1 (exact match) improvement in EKF)
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Comparison Results
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Figure 1. Comparing results using three algorithms EKF, Camera and RI-EKF..

Accuracy and Drift: EKF drift highest due to non-linear linearization bias (sonar/IMU noise
underwater). RI-EKF Slam lower (ATE 2 - 5 m), thanks to invariant. Camera lowest (ATE ~0),
but visual odometry, not filter pure. In figure 1, EKF "bulges" lower loops (scale error 15%),
indicating invariant improves consistency. Loop Closure and Consistency: EKF is poor, no global
handle. RI-EKF Slam better thanks to augment landmarks and stacked correction; RI-EKF Slam
"optimizes" more than EKF at endpoints (x = 0, y = 0), but still deviates slightly from Camera at
noisy curves. Robustness to Noise: EKF sensitive due to non-Gaussian noise. RI-EKF Slam more
robust (40-50% smoother than EKF). As can be seen: RI-EKF Slam outperforms EKF in all metrics
(50% lower ATE, 90% lower loop error). From figure 1, it can be seen that the calculation is based
only on the motion model and data from the inertial sensors, without requiring complex processing
from the environmental sensors. This allows it to run at very high frequencies and provide
continuous position estimates in real time. However, the cumulative error will increase over time,
causing the predicted trajectory to "drift" further and further away from the actual trajectory. In
the figure, it can be seen that the blue line is significantly deviated, longer and has a significantly
different shape than the orange ground truth line. Thus, this trajectory is completely unreliable for
long-term missions or precise mapping requirements. Meanwhile, the RI-EKF Slam algorithm, by
adding sonar-based sensor feedback for correction, the proposed model eliminates most of the
accumulated error. The green line closely follows the orange ground truth line, showing superior
accuracy. When the vehicle returns to a previously traveled area (closing the loop), SLAM can re-
adjust the entire past trajectory to ensure consistency, which is not possible with pure odometry.
This result is reliable enough to be used for complex autonomous tasks such as mapping, precision
navigation, and infrastructure inspection. However, the model requires more computational
resources to process sonar data, extract features, link data, and perform the filter
update/optimization step.

4. CONCLUSIONS

The Iterated Extended Kalman Filter algorithm is a powerful upgrade over EKF for nonlinear
estimation problems such as SONAR SLAM. By investing more computing power into the loops
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in the update step, it provides a significantly more accurate, stable and reliable positioning and
mapping system. The next research direction after achieving these results will be to gradually
implement on hardware for practical testing in Vietnam's waters, gradually master complex
technologies, and increase the localization rate in underwater applications in the future.
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TOM TAT

Nghién ciru gidi phap ning cao chit lwong quy dao trong diéu huéng tu dong duéi nuée
cia phuong tién khong nguoi lai sir dung thuit toin SLAM cia IEKF cho dir lieu SONAR

Viéc van hanh cac phirong tién ngam diéu khién tir xa trong moi truong nwée ludn phdi
doi mat voi thach thirc thiéu tin hiéu GPS, dan dén su tich tu sai sé dinh vi theo thoi gian.
Sw bdt on dinh chuyen dong nay lam giam dang ké hiéu qud va dg an toan cua cdc hoat
déng thue té nhie kiém tra co sé ha tang, khdo sdt day bién va tim kiém ciru nan. Bai béo
nay trinh bay mot phwong phap Dinh vi va Lap ban do Pong thoi (SLAM) duea trén dif liéu
sonar ndng cao dé ndng cao nang hec hoat dong cua cac phwong tién ngam. Thudt todn de
xudt tich hop diF liéu tir sonar véi cdc cam bién don vi do lwong qudn tinh (IMU) dé trién
khai mo hinh SLAM dang do thi tr the. Bdng cach xuw ly dir ligu sonar dé trich xudt cdc dac
diém va sau dé tao ra cdc rang budc déng vong ldp dé két hop véi cac wée tinh chuyén dong
tir phép do quing deong, mé hinh d@é xudt toi wu héa toan bé quy dao ciia phwong tién va
hiéu chinh hiéu qua cdc sai s6 tich lily. Két quad thu dwoc la cdc wéce tinh tw thé c6 dé chinh
xdc cao va mt ban do nhat quan vé méi trweong hoat dong trong suét hanh trinh. Viéc trién
khai thanh céng thudt todn nay cho thdy tiém ndng to Iém trong viéc ndng cao tinh tw chii,
do tin cdy va hiéu qua hoat déng ciia cdc phirong tién ngam trong cdc vmg dung thuec té.

Tir khoa: Sonar; SLAM; AUV, IEKF.
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