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Abstract

Accurate position estimation is critical for the effectiveness of automated
weapon and navigation systems. Standard Extended Kalman Filter (EKF)
models typically adopt flat-Earth assumptions and static noise covariances,
which limit their accuracy in operational environments. This study proposes an
optimized EKF framework that integrates two complementary approaches.
First, ship trajectories are represented in Earth-Centered Earth-Fixed (ECEF)
coordinates with a WGS-84 reference to account for Earth’s curvature. Second,
process (Q) and measurement (R) covariances are adaptively determined
using Joint Likelihood Maximization (JLM) with logarithmic scale exploration,
enabling the filter to automatically identify the most accurate configuration.
Each Q/R setting is evaluated within the EKF framework using root mean
square error (RMSE) derived from radar data logs. The method was tested
under short-history scenarios (5 and 10 data points) within an operational
range of 15 km, reflecting conditions commonly encountered in Combat
Management Systems (CMS). The results show that while coordinate
transformation alone provides only marginal improvements at short ranges, the
combination of curvature modelling and adaptive Q/R tuning significantly
reduces RMSE, achieving average errors approaching zero with high

repeatability as measured by standard deviation. This research demonstrates
a novel integration of geometric and statistical optimization in EKF design and
highlights its applicability to ship trajectory estimation and defence systems.

1. Introduction

Accurate ship position estimation is fundamental to naval operations, supporting situational awareness and
effective decision-making. A Combat Management System (CMS) relies on precise self-tracking and target trajectory
prediction to ensure mission effectiveness and threat response. To achieve this, CMS integrates heterogeneous sensor
sources such as radar, sonar, and GPS. However, these measurements are often degraded by noise, uncertainty, and
environmental disturbances, highlighting a persistent challenge in obtaining reliable estimates. This limitation
underscores the need for advanced filtering, sensor fusion, and adaptive estimation methods to address the growing
complexity of maritime tracking tasks [1].

The Extended Kalman Filter (EKF) is widely adopted for trajectory estimation due to its capability to handle
nonlinear system dynamics [2]. Compared to the linear Kalman Filter (KF), the EKF generally demonstrates superior
performance [3]. In practice, EKF is often implemented in local East-North-Up (ENU) coordinate systems using a flat-
Earth approximation. However, this approach introduces geometric distortions and cumulative errors that become
significant in long-range or wide-area tracking. Furthermore, EKF performance is highly sensitive to the selection of
process noise covariance (Q) and measurement noise covariance (R), which are typically assumed to be constant. This
static assumption limits adaptability in dynamic maritime environments [4].

In the case of PT Len Industri, these challenges are particularly evident in the CMS platform. The EKF model
currently employed still uses a two-dimensional approach without accounting for Earth’s curvature, leading to significant
discrepancies between predicted and actual ship positions in long-range operational scenarios. Furthermore, the filter
applies static Q and R covariance matrices, neglecting environmental variability in the maritime domain, which further
degrades prediction accuracy.

Several studies have investigated EKF variations across different application domains, and a comparative
overview of these works alongside the present study is summarized in Table 1.
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Table 1. Comparative Summary of Related Works and Proposed Method

Research Title Discussion
In this study, the Extended Kalman Filter (EKF) is employed to predict
Extended Kalman Filter Design and vessel trajectories based on Automatic Identification System (AIS) data.
Motion Prediction of Ships using Live While AIS data are used as the primary input, the EKF is applied only within
Automatic Identification System (AIS) a local two-dimensional coordinate system, without considering the
Data curvature of the Earth. Furthermore, the method relies on fixed (non-

adaptive) Q and R covariance matrices [5].

This study develops an adaptive Extended Kalman Filter (EKF) to enhance
the localization accuracy of autonomous vehicles equipped with low-cost
Adaptive Kalman Filtering Methods for GPS and INS sensors. The method operates in the Earth-Centered Earth-
Low-Cost GPS/INS Localization for Fixed (ECEF) coordinate system and adaptively updates the Q and R
Autonomous Vehicles covariance matrices based on residuals. However, the approach is
intended for ground vehicles and does not address AIS data characteristics
or vessel dynamics at sea [6].

This study models the trajectory of aerial targets in three-dimensional space
using ECEF coordinates to account for the Earth's curvature. However, the
research focuses solely on coordinate transformation and position
dynamics in simulation, without implementing an adaptive EKF mechanism
or adjusting the Q and R covariances [7].

Simulating Aerial Targets in 3D
Accounting for the Earth's Curvature

In contrast to prior studies, this research integrates two complementary approaches: (1) accounting for Earth’s
curvature by converting polar coordinates into Earth-Centered Earth-Fixed (ECEF) coordinates, and (2) adaptively
determining process (Q) and measurement (R) covariances through Joint Likelihood Maximization (JLM) with
logarithmic scale exploration. Each Q/R configuration is evaluated within the Extended Kalman Filter (EKF) framework
using Root Mean Square Error (RMSE) to identify the most accurate setting. This methodology aims to improve vessel
position prediction in Combat Management System (CMS) tracking, where accuracy is vital for downstream functions
such as target locking and weapon firing, which require high precision to prevent operational failure and ensure vessel
safety [8], [9], [10]. The proposed approach has been implemented in the Application for Predictive Estimation (APE),
developed in MATLAB and designed for future integration with the PT LEN Industri CMS simulation platform.

2. Research Method
This section describes the overall research design, algorithmic procedure, testing approach, and data acquisition
process used in the development of the curvature-aware EKF prediction system with adaptive noise estimation.

2.1 Research Design
The research employs an experimental simulation strategy comprising the following steps:
1. Collection of radar log data (range, bearing, and ground speed).
2. Transformation of measurements from polar coordinates to Earth-Centered Earth-Fixed (ECEF) coordinates.
3. Application of the Extended Kalman Filter (EKF) with adaptive noise covariance tuning for trajectory prediction.
4. Evaluation of prediction accuracy using Root Mean Square Error (RMSE) and sigma metrics.
The evaluation compares baseline EKF under the flat-Earth approximation with the proposed curvature-aware EKF
incorporating adaptive covariance tuning [11].

2.2 Data Preprocessing
This study utilizes recorded (non-live) radar log data as the primary input. Two observational configurations are

applied: a five-point dataset, simulating conditions with minimal historical data for rapid decision-making, and a ten-
point dataset, representing longer observation windows for improved stability. Each radar log entry contains three
parameters:

o Bearing: the angle from the radar to the target ship relative to North.

o Range: the distance between the radar and the target ship.

o Groundspeed: the target ship’s velocity over ground.

2.2.1 Data Transformation
1. The radar measurements in polar coordinates were first transformed into East-North-Up (ENU) coordinates using
the formulation presented in Equation Error! Reference source not found. [12]:
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Xenu = range .cos(@) .sin(6)
Yenu = range .cos(p) .cos(6) (1)
Zeny = range .sin(@)

where range is the distance between the radar and the ship’s track point in polar coordinates, ¢ is the elevation angle

(angle between the radar-to-target line and the local horizontal plane), and 6 is the polar angle, defined by the orientation

between the radar-to-North line and the radar-to-ship line.

2. The ENU coordinates were then converted to ECEF coordinates using the WGS-84 ellipsoid model, as shown in
Error! Reference source not found.:

X XO Xenu
Y= YO +8T. Yenu
Z ZO Zenu
12% vt
[Vyl = ST . [vg™ (2)
Vz vt
—sin cosA 0
S = [—sind)cos/l —singcosA cosq,’)l
cosgpcosi cos¢psind  sing
XO Xenu
where |Y; | represents the observer (radar) position in global ECEF coordinates, and |Y.,, | represents the target
ZO Zenu

position in 3D local coordinates, which is transformed to ECEF with the transposed rotation matrix S7.

3. Geodetic conversion of radar position into Earth-Centered Earth-Fixed (ECEF) coordinates is performed prior to
transforming the target’s ENU coordinates (see Step 2). The observer’s (radar) position is first expressed in ECEF
coordinates as defined in Equations Error! Reference source not found. and Error! Reference source not
found.:

a
N ———
J1— e?sin?¢ (3)

Xo = (N + h).cospcosA
Yo = (N + h).cos¢psind (4)
Zy= (N1 —e?) + h)sing

where N is the radius of curvature based on WGS-84 parameters, with semi-major axis a = 6,378,137 m and eccentricity
e? = 0.00669437999014. The variables ¢, A, and h represent the observer’s latitude, longitude, and height, respectively
[13].

4. The conversion from ECEF coordinates to geodetic coordinates for the target vessel is expressed as follows:

A =atan2(Y,X) (5)
p= X2+ Y2 (6)
__P _
h= cos® N (8)
¢ = tan™! 72621\] 9)
p (1 "N+ h)
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¢deg =¢ X %
T (10)

ldegz /1)(1—80

Equation Error! Reference source not found. determines the longitude, while Equation Error! Reference
source not found. computes the horizontal projection distance p to the Z-axis, which provides an initial estimate of the
latitude in Equation Error! Reference source not found.. Since no explicit formula exists for precise latitude and
altitude estimation, the Newton-Raphson iteration is applied until convergence, resulting in the values given in Equations
Error! Reference source not found. and Error! Reference source not found.. These calculations involve the Earth’s
radius of curvature defined in Equation Error! Reference source not found. [14]. Finally, Equation Error! Reference
source not found. converts the latitude and longitude from degrees to radians.

5. Conversion of geodetic coordinates to global coordinates is performed as input for ship position prediction using the
Extended Kalman Filter, employing the same mechanism described in Step 3.

2.3 Algorithm Design

The proposed method extends the Extended Kalman Filter (EKF) for ship trajectory estimation in Combat
Management Systems (CMS). Given an initial state, an initial covariance, and radar measurements, the filter first
adaptively estimates process (Q) and measurement (R) covariances using Joint Likelihood Maximization [15]. The EKF
cycle then executes iteratively as follows:

1. Prediction step: Propagate the state and covariance using the motion model with acceleration input [16].
2. Update step: Compute the innovations, innovation covariance, Kalman Gain, and update the state and covariance
[17].

As radar data are received, the prediction and update steps are repeated continuously. Accuracy is evaluated
using Root Mean Square Error (RMSE), with the estimated trajectories benchmarked against radar data. The complete
workflow is summarized in Figure 1. Adaptive covariance estimation aligns with previous work on dynamic system
modelling under nonstationary conditions [18].

Compute the matrices O and R by Joint Likelibood
Maximization

Input Data:

1. Inilial State x,

2. Initial Covariance p,

3. Radar Data z

N
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Figure 1. Algorithm EKF with Adaptive Q and R in ECEF
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2.4 Mathematical Formulation
The motion model is nonlinear, and the state predictions are expressed as follows:

X1 = f KXp-1, ax-1) (11)

Pyjre-1 = FyPi_1Fi + Q (12)
In the prediction stage, which is the first step in the Extended Kalman Filter (EKF), the system uses data from the
previous time step k — 1 to estimate the state and its covariance at time k. Equations Error! Reference source not
found. and Error! Reference source not found. represent the state transition function, the Jacobian matrix of the

transition function, and the process noise covariance used in the state prediction and covariance propagation.

The measurement update equations are presented as follows:

Yk = Zx — h(Xklk—l) (1)
Sk = HyPyj—1Hi + Ry (2)
Ky = Prp-1Hi St 3)
X = X1 + Ki Yy (4)
Py = (I = KieHi) Prjre-1 (5)

In this step, the innovation is calculated as the difference between the actual radar measurement and the
predicted measurement, as shown in Equation (7). The innovation covariance in Equation (2) combines the
uncertainties of the state prediction and the measurement. The Kalman gain in Equation (3) determines the contribution
of the measurement to the state update. The state estimate and its covariance are updated using Equations (4) and (5),
respectively.

The residual-based adaptation of Q and R is given by:

N
1 T
Qjoint = NZ(Zt - f(Xt—l'ut))(Xt - f(Xt—put)) (6)
t=1 .
Rjoint = NLHZ(Zt - h(Xt))(Zt - h(Xt))T (7)

The process noise covariance matrix Q is estimated from the residual between the actual position data and the
EKF-predicted position, while the measurement noise covariance matrix R is estimated from the residual between the
radar measurements and the EKF-estimated measurements, as defined in Equations (6) and (7).

2.5 Testing and Evaluation

The performance of each EKF configuration was evaluated using two key metrics: Root Mean Square Error
(RMSE) and standard deviation. These metrics were selected to assess both the accuracy and consistency of the
position estimation results.
1. Performance was assessed using the Root Mean Square Error (RMSE), as defined in Equation 20:

RMSE =

where ¥, represents the predicted value for the i-th observation, y, is the actual value for the i-th observation,
and N denotes the total number of observations. RMSE quantifies the mean magnitude of the estimation error, providing
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a holistic measure of how close a predicted position is to the actual position. A smaller RMSE value indicates higher
prediction accuracy and better overall model performance. In this investigation, RMSE is the main evaluation metric
used to quantify the effectiveness of each EKF configuration in reducing prediction errors in different experimental
conditions [19].

2. The standard deviation of the estimated positions across trials is presented in Equation (9):

s = (i —7)?2 (9)
’ n—1

where r; represents the data value at each position in the dataset, 7 is the mean of all RMSE values, and n is the total
number of observations. This metric quantifies the variability of the RMSE values across repeated experiments. A low
standard deviation indicates that prediction errors are consistently close to the mean, implying stable model
performance across different scenarios [20]. In contrast, a high standard deviation indicates significant variability in
model accuracy between experimental runs. In this study, standard deviation should also be considered as a key
indicator of consistency when comparing EKF models, particularly for the optimized method.

Testing was performed on two trajectory scenarios:

o 5-point trajectory test: Simulates rapid measurement acquisition under limited data conditions, representing
situations requiring fast decision-making.

o 10-point trajectory test: Simulates extended measurement conditions, allowing for more stable estimations due to
increased data availability.

Each EKF model configuration was tested multiple times to ensure result consistency. The baseline EKF model,
which uses a flat earth coordinate system and static Q/R matrices, was compared against the proposed EKF model that
incorporates Earth curvature via the ECEF coordinate system and applies dynamic Q/R tuning.

The proposed EKF variants were evaluated to assess the impact of ECEF transformation and adaptive noise
covariance tuning on estimation performance. This testing framework was designed to validate whether curvature-
aware modelling and dynamic noise adaptation significantly improve trajectory prediction accuracy under varying data
availability conditions.

3. Results and Discussion

The experiments were conducted by applying the designed EKF configurations to both trajectory scenarios. This
section presents the experimental results and the performance analysis of the different EKF configurations. Each
experiment was performed using recorded radar data in two scenarios: 5-point and 10-point ship trajectories. Prediction
performance was evaluated using Root Mean Square Error (RMSE) and standard deviation to assess estimation
accuracy and consistency.

3.1 RMSE Evaluation
Three variants of EKF models were evaluated:
1. EKF-2D: standard EKF with flat-Earth assumption.
2. EKF-3D: EKF with ECEF coordinates transformation.
3. EKF-3D+QR: EKF with ECEF and adaptive Q/R tuning.

As shown in Table 2, the standard EKF-2D and EKF-3D models yielded nearly identical RMSE values, indicating
that ECEF transformation alone did not significantly improve estimation accuracy. In contrast, the EKF-3D+Q/R model
substantially reduced RMSE from tens of meters to sub-meter levels, achieving improvements of up to 86.6 m in
individual test cases.

Table 2. Accuracy Difference between Standard EKF and Optimized EKF Number of Data Points: 5

RMSE EKF . Difference
£P Code RMSE Standard mgs dEggEF Optimized ECEF Star?éf;fgegﬁ?: o Standard EKF vs

EKF 2D (m) plimiz s 3D + Adaptive QR NGATT EH ECEF 3D +

(m) Adaptive QR
EP1 83.0609 83.0609 0.9391 0.0001 82.1218
EP2 62.5292 62.5291 1.1065 0.0001 61.4227
EP3 83.8639 83.8639 1.0204 0.0000 82.8435
EP4 63.0982 63.0981 0.6087 0.0001 62.4895
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EP5 87.3240 87.3239 0.7085 0.0001 86.6155
EP6 55.0447 54.8863 0.4190 0.1584 54.6257
EP7 61.0668 60.7799 0.6155 0.2869 60.4513
EP8 73.6226 73.3576 1.0871 0.2650 72.5355
EP9 57.1061 56.9240 0.4630 0.1821 56.6431
EP10 63.3584 63.2344 0.6449 0.1240 62.7135

With an increased number of observations, all models exhibited improved performance. However, the proposed
method consistently outperformed the other configurations, reducing RMSE from tens of meters to below 1 meter, as
shown in Table 3.

Table 3. Accuracy Difference between Standard EKF and Optimized EKF Number of Data Points: 10

RMSE EKF . Difference
RMSE EKF__ Optimized ECEF o, DIMe™®MC® stangard EKF vs

RMSE Standard

EP Code EKF 2D (m) Opt"giée(‘:n')zCEF 3D + Adaptive QR Sta?g;%ﬁ': VS " ECEF 3D+
(m) Adaptive QR
EP1 63.1666 63.1666 0.6496 0.0000 62.5170
EP2 60.4398 60.4397 0.5476 0.0001 59.8922
EP3 66.9926 66.9925 0.4323 0.0001 66.5603
EP4 61.0467 61.0466 0.4344 0.0001 60.6123
EP5 41,6393 41,6393 0.2484 0.0000 41.3909

3.2 Standard Deviation Performance

To evaluate stability, the standard deviations of RMSE were analyzed across multiple test runs. The optimized
ECEF 3D model with adaptive Q@ and R tuning consistently outperformed both the baseline 2D EKF and the non-adaptive
3D EKF, achieving deviations as low as 0.14 m (10 data points) to 0.29 m (5 data points). These results demonstrate
highly stable and repeatable estimation performance, even under limited observations [21], [22]. In contrast, the
baseline models exhibited substantially higher variability, with standard deviations consistently exceeding 9 m across
scenarios. These findings are provided in Table 4.

Table 4. RMSE Standard Deviation Results

EKF Method RMSE Standard Deviation (5 Data) RMSE Standard Deviation (10 Data)
Standard EKF 2D 12.47 9.58
ECEF 3D 12.47 9.58
ECEF 3D + Adaptive QR 0.29 0.14

This dramatic improvement in standard deviation confirms that adaptive noise covariance tuning, when combined
with curvature-aware modeling in ECEF coordinates, significantly enhances the filter’'s robustness and reliability,
particularly in real-time naval tracking environments where rapid and accurate decision-making is critical.

3.3 Impact of Curvature vs. Adaptive Tuning

In theory, incorporating Earth’s curvature through Earth-Centered Earth-Fixed (ECEF) coordinates should
improve estimation accuracy, particularly in long-range tracking scenario [23]. However, the results in Table 2 indicate
that the EKF-3D model, despite its higher complexity compared to EKF-2D, provided no significant accuracy gains and,
in some cases, even increased the RMSE. This outcome is likely due to the limited dataset range (<50 km), where
curvature effects are minimal. Similar findings have been reported in prior studies, where curvature corrections had little
impact on short-range missile tracking but became relevant at extended ranges [24]. McLaughlin also noted that Earth
curvature strongly affects radar coverage at long distances but is negligible in dense short-range radar networks [25].
These observations suggest that future work should evaluate scenarios beyond 50 km to fully assess the contribution
of curvature modeling in trajectory estimation.
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3.4 Impact of adaptive Q and R Tuning

Through adaptive tuning of the process noise (Q) and measurement noise (R), the system dynamically adjusted
to variations in ship motion and radar uncertainty [26], [27]. This mechanism enabled EKF-3D+QR model to:
1. Rely more on radar measurements when model predictions were uncertain (high Q), and
2. Rely more on model predictions when radar data were noisy (high R).

This approach significantly reduced RMSE, with some estimates approaching zero error, thereby improving both
the accuracy and adaptability of the system.

3.5 Visualization of Trajectory Estimation

Figure 2 and Figure 3 present a 3D visualization of the ship trajectories in the Earth-Centered Earth-Fixed (ECEF)
coordinate system. The red line represents the actual radar data, while the blue line shows the trajectory estimated by
the Extended Kalman Filter (EKF) with Earth curvature modelling, and the green line illustrates the forward-time
prediction of the ship’s future trajectory based on the EKF model. The predicted trajectories closely follow the actual
paths and largely overlap across most segments, with only minor deviations at a few points. This indicates good
convergence between the predicted and actual trajectories.
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Figure 2. Visualization of Comparison Between Actual and Predicted (10 data)
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4. Conclusion

This research investigated and optimized the Extended Kalman Filter (EKF) approach to enhance ship position
estimation accuracy in maritime tracking systems. The proposed method transforms the model from a 2-dimensional
(2D) flat-Earth coordinate system to a 3-dimensional Earth-Centered Earth-Fixed (ECEF) framework [28], while
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incorporating adaptive tuning of the process and measurement noise covariance matrices (Q and R). The main findings
are summarized as follows:

1.

2.

Transformation from 2D to 3D ECEF coordinates resulted in minimal accuracy gains, as Earth curvature effects were
negligible within the tested short-range dataset (~15 km).

Adaptive tuning of Q and R matrices significantly improved prediction accuracy, reducing RMSE by 60-80 m
compared to the baseline EKF-2D and maintaining final trajectory errors consistently below 1 m.

. The enhanced EKF model demonstrated high robustness, with standard deviations reaching as low as 0.14 across

multiple test conditions.

. The results confirm that adaptive noise covariance tuning has a greater impact on predictive accuracy than

coordinate transformation alone.

Since the experimental scenarios covered only a +15 km range, the effect of Earth curvature could not be fully
validated. Future studies should include longer-range test scenarios (e.g., >50 km) to better evaluate the significance
of curvature modeling in trajectory estimation.
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