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Abstract

Accurate state estimation in nonlinear dynamic systems is a fundamental requirement in many
engineering applications, particularly when system noise characteristics vary over time.
Conventional Kalman filters (KF) often suffer from performance degradation under time-varying
noise conditions due to their reliance on fixed noise covariance assumptions. The objective of this
paper is to present a comprehensive performance analysis of conventional KF and adaptive KF
(AKF) for nonlinear state estimation in a fourth-order dynamic system. Methodologically, the
study employs a comparative quantitative simulation design, focusing on evaluating estimation
accuracy, convergence behavior, and statistical consistency under different process and
measurement noise conditions. The proposed framework incorporates an adaptive mechanism
for updating noise covariance matrices based on innovation statistics. Simulation results
demonstrate that the adaptive KF significantly improves estimation accuracy and stability
compared to the conventional KF, particularly in scenarios with rapidly changing noise
characteristics. These findings confirm the effectiveness of adaptive filtering strategies and
highlight their potential for practical applications in control and navigation systems.

Keywords: Adaptive kalman filter, kalman filter, nonlinear systems, state estimation, time-
varying noise.

1. Introduction

Accurate state estimation is a fundamental requirement in many engineering
systems (Mursyitah et al., 2025; Sheikh, 2023), especially in control, navigation, and
target-tracking applications where system states cannot be measured directly and
must be reconstructed from noisy observations. For such problems, Kalman-based
estimation remains one of the most widely used frameworks because of its recursive
structure and strong theoretical foundation. However, when the underlying
dynamics are nonlinear, the estimation performance depends strongly on model
fidelity, linearization quality, and the correctness of noise assumptions. As
nonlinearities become stronger, conventional filtering methods may experience
increased bias, slower convergence, and degraded robustness (Chen et al., 2025; Ding
& Wen, 2024; Peng et al., 2023).
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To handle nonlinear systems, various extensions of the classical Kalman filter have
been proposed (Anagnostaki et al., 2026), including the extended Kalman filter
(Habib et al., 2025) and high-order Kalman filtering formulations (Ding & Wen, 2024).
These methods attempt to improve estimation accuracy by using first-order or higher-
order approximations of the nonlinear state and measurement equations. Recent
studies have shown that high-order filtering can provide better estimation
performance than conventional first-order linearization, particularly in systems with
complex nonlinear structures and high-order state variables (Ding & Wen, 2024; Peng
et al., 2023). Nevertheless, these approaches are still sensitive to modeling mismatch
and may lose effectiveness when the system is affected by uncertain or time-varying

noise.

In parallel with the development of high-order filtering, recent research has also
explored data-driven and learning-based enhancements to Kalman filtering. Neural-
assisted filtering methods have attracted considerable attention because they can
compensate for unknown nonlinear dynamics while preserving part of the
interpretability of model-based filters. Examples include deterministic learning-
based EKF models and neural network aided Kalman filtering architectures, which
have demonstrated improved performance for nonlinear dynamical systems and
partially known models (Alanis, 2025; Eang & Lee, 2024; Stubberud & Kramer, 2023;
Wang & Shen, 2024; Wu et al., 2025). These results confirm that Kalman filtering can
be significantly strengthened when adaptive or learning mechanisms are
incorporated into the estimation process.

Despite these advances, an important limitation remains. Many existing studies
focus on proposing new filter structures or improving approximation accuracy, but
fewer works provide a systematic analysis of how noise variation affects filter
behavior, especially in terms of gain adaptation, estimation stability, and tracking
accuracy across different operating conditions. In practical systems, measurement
noise is often nonstationary and may change over time because of environmental
variation, sensor quality, operating range, or target maneuvering conditions. Under
such circumstances, the use of fixed-noise assumptions in conventional Kalman
filtering can lead to suboptimal gain selection and reduced estimation quality, while
adaptive filtering strategies may offer better robustness (Ge et al., 2019; Kruse et al.,
2025). However, comparative assessments between fixed and adaptive Kalman
filtering under controlled time-varying noise scenarios are still relatively limited in
the recent literature.

Driven by this research gap, the urgency to quantitatively evaluate how noise
variations impact gain adaptation has become increasingly critical. Therefore, the
primary objective of this study is to conduct an in-depth performance analysis
between conventional and adaptive Kalman filtering for estimating the angular
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coordinates of randomly maneuvering targets under time-varying noise conditions.
This paper contributes a comprehensive evaluation framework that elucidates the
practical benefits of adaptive noise covariance updating mechanisms. The benefits of
this study go beyond providing a deeper understanding of filter behavior in uncertain
environments; they also offer a crucial baseline for designing highly reliable target-
tracking and navigation systems in real-world engineering applications.

2. Method
2.1 Research Design
This study employs a quantitative comparative simulation approach to evaluate
the performance of the two filters. Synthetic data representing the kinematics of a
randomly maneuvering target were generated using mathematical models
implemented in MATLAB. The data collection process involved extracting the
estimated Line of Sight (LOS) angle and angular velocity under three deliberately
introduced levels of measurement noise. Data analysis was conducted by calculating
and comparing the Root Mean Square Error (RMSE) between the estimated values
and the true states, thereby providing an objective metric of the accuracy and stability

of the adaptive gain updating mechanism.
2.2. Nonlinear System Model

Consider the motion of a target in a plane, with the observed variable being the
LOS angle ¢, . The system state is described by the vector:

" &
X, =| @&,

@,
Where:

¢ : LOS angle (deg);

o, : angular velocity (deg/s);

@, : angular acceleration (deg/s?).

The discrete model with sampling period T is given by:

X1 = FX + W, 2

with the state transition matrix:
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and the process noise w, [ N(0,Q,)-
The measurement equation is described by:
z,=Hx +v,, H=[1 0 0] 4)
where v, 0 N(0O,R,) is the random measurement noise.
2.3. Noise Model and Parameter o

The process noise simulating random maneuvering acceleration has a standard
deviation of &,. The power spectral density of the process noise is defined as:

2

b, =0, ®)
The process noise covariance matrix Q, is determined according to (2):
T T T ©

20 8 6

T 4 T 3 T 2
Wk 3 7

3 2
L

The measurement noise is assumed to have variance R =0c’- When the noise

varies with time:
R, =Ry [L+ &, sin(277 f KT )]+ 17, (k) )
Where:
R, = o7, : average variance;
&, : relative oscillation amplitude (0-1);
f. : slow fluctuation frequency;
1, (k) : small white noise (to increase randomness).

During simulation, the measurement noise is generated by:

Y, U N(0,62 (K)), 0, = [0 [L+ 5 Sin(2r FKT)] + 75 (K) C)
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2.4. Kalman Filter
Stage 1: Prediction
)A(k\k—l = Fik—llk—l ©)

Pk\k—l = Fpk—l‘kleT +Q (10)

Stage 2: Update

Innovation:

i =2 —HX 4 (11)

Innovation covariance:

Sc = HPy,H™ +R, (12)

Kalman gain:

K =Py H'S (13)

Updated estimate:

Xk = X T K Vi (14)

Updated covariance:

P ==K H)R (15)

Scalar form of the Kalman gain:

K, - Poar_ Fyms __ : P¢¢,lf\k—1 (16)
Pyka TR Puriat0r Pyies + 00 [1+ 8, sin(27 f.KT) ]+ 5 (k)

Derivative of K, with respect to measurement noise o:

Ky _ 20,Py; s - 20,Py 1 0 (17)

9o, (Pyuka +o?)? (P ks + 0y [1+ 85 sin(27 £.KT) |+ 5 (K))?

When o increases, K, decreases (smoother filtering, slower response); o when o

decreases, K, increases (faster but noisier filtering).

2.5. Adaptive Kalman Filter

To handle cases where the measurement noise changes or is unknown, R _and Q,

are updated adaptively according to the residual energy and estimation error.

Adaptive update of measurement noise:
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R =R+ (- 2)[  ~HRy H | (18)

Klk-1

Where 0< A <1 is the forgetting factor.

&,(k) =R, (19)

Adaptive update of process noise:
Q. Zﬂék—lJr(l_ﬂ)[Kkyky: —(Pys— Pk\k):| (20)

Where 0< <1 is the smoothing factor. After obtainingR and ¢ _, the Kalman

gain is recalculated:

Ky =PysH' (HPy HT + R)™ (21)

Kk—L
Combining (5)-(7) and (16), the influence of noise and gain can be expressed as:

c,T 20_§ (22)

Kc= f(o,,0,)=—7F5"2—
A s D= e

Where ¢, is a scaling coefficient (commonly ¢, €[0.5,1] ). Equation (22) clearly
expresses the influence of process noise o, and measurement noise o,. When o,
increases, increases (faster filter response, better tracking of maneuvers); when ¢,
increases, K, decreases (more stable filtering but greater phase lag).

Filter performance is evaluated based on estimation error and statistical reliability
of the filtering process.

Root Mean Square Error (RMSE):

RMSE, = \/%ZN:(ﬁ—qﬁ; y

k=1

(23)

(24)

RMSE, = \/ii(@—afme )
1] N k

k=1

3. Results and Discussion

3.1. Simulation Setup

To verify the effectiveness of the developed KF and AKF algorithms, simulations
were carried out on a randomly maneuvering target trajectory under different levels
of measurement noise. The initial parameters, noise characteristics, and gain factors
were varied in a controlled manner to evaluate their influence on the estimation errors
of the target’s LOS angle and angular velocity. The results are represented through
corresponding plots and RMSE indicators.
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The selected simulation parameters are as follows:

- Simulation time: 20(s);

- Sampling step: T = 0.005 (s);

- Measurement noise variance for three noise levels:

o} =0.03(deg?), o =0.16(deg”), o7 =0.36(deg’)’

- Initial process noise variance: q, = 0.01(d692 / 53),‘

- Kalman gain coefficients: k, =0.08, k, =0.18, k, =0.44;
- Forgetting factor (adaptive): 1=0.1;

- Smoothing factor: £ =0.05;

- Process noise matrix:

1.5625x10° 7.8125x107° 2.0833x107?
Q, =0, Quues =| 7-8125x10° 4.1667x107 1.25x10™*
2.0833x107%  1.25x107" 5x1072

- Background oscillation frequency: f, =0.2(Hz);
- Relative oscillation amplitude: §, =0.2(deg /s?)’

- Command noise amplitude (small white noise for increased randomness):
77 (k) =0.1(deg/ s°) -

3.2. Estimation Performance under Time-Varying Noise

a0 KF - LOS angle with different noise levels a0 AKF - LOS angle with different noise levels

True LOS angle
KF, @=0.03
KF, =0.16
KF. o=0.36

True LOS angle
AKF, v=0.03
AKF, v=0.16
AKF, 0=0.36

70‘

0 5 10 15 20 o] 5 10 15 20
Time [s] Time [s]

Figure 1. Comparison of Target LOS Angle at Different Noise Levels
Figure 1 shows the LOS angle tracking capability of the KF and AKF over 20
seconds under varying measurement noise levels. For the KF, the estimation quality

deteriorates rapidly as o increases. At o =0.16, the estimated trajectory begins to
exhibit a clear lag, and at 0 =0.36, the deviation increases sharply during the
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maneuvering phase (8-14 s), with the peak offset of about 5-6 (deg). In contrast, the
AKF maintains stable tracking across all three noise levels; the maximum deviation
observed is only about 1-1.5 (deg) even at 0 =0.36. Overall, the AKF maintains
smoothness and tracking accuracy almost independent of o, whereas the KF is

strongly affected as measurement noise increases.

KF - LOS angle error with different noise levels AKF - LOS angle error with different noise levels

=003
=016
+=0.36

] SN M}W\#’A M/\/"fb‘f‘

LOS angle error [deg]
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LOS angle error [deg]
o
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10 15 20
Time [s]

o
o

Time [s]

Figure 2. LOS Angle Estimation Error under Different Noise Levels

Figure 2 illustrates the estimation error, allowing clearer observation of the
stability of each filter. For the KF, the error tends to become strongly negative when
the target starts maneuvering: at o =0.16, the error reaches about -3 (deg), and at
0 =0.36 can drop to —6 (deg) before gradually returning to zero. The oscillation
amplitude of the error also increases with o, indicating the high sensitivity of KF to
measurement noise. Conversely, the AKF error remains mostly within +0.5 (deg) for
0 =0.03 and 0=0.16, and only reaches about —1.5 (deg) at its maximum peak for
o =0.36. After the maneuvering phase, the AKF error returns to the near-zero region
faster and with smaller oscillations than KF, demonstrating that the adaptive update
mechanism effectively suppresses error amplification as noise intensity and rate of

change increase.

AKF - LOS angular velocity with different noise levels

12 KF - LOS anqular velocltylwlth :Ilfferenlt noise levels 12
True LOS angular velocity True LOS angular velocity
KF, #=0.03 AKF, o=0.03
10 KF, ﬂfo 16 10 2::? ::O"Iﬁ A
KF, #=0.38 . 0.36 \‘\'ﬁ
8 Mupnri i,
z z © . 1
B e e
2 /'
0 gt
- -2
o 5 10 15 20 [¢] 5 10 15 20
Time [s] Time [s]
Figure 3. Comparison of Target LOS Angular Velocity under Different Noise

Levels
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Figure 3 shows the LOS angular velocity estimation response over 20 seconds.
With the KF, as o increases, the estimated curves lag noticeably behind the true
values, especially during the acceleration phase (approximately 6-10 s). The peak
deviation can reach 2-3 (deg/s) at 0 =0.16 and around 4 (deg/s) at o =0.36.The
oscillation amplitude after the maneuvering phase also increases with o, showing that
KF becomes less stable under high measurement noise. In contrast, the AKF maintains
very close tracking to the true signal for all three noise levels; the amplitude and shape
of the signal remain almost unchanged as ¢ increases. The maximum deviation of
AKEF is only about 0.8-1.0 (deg/s), nearly overlapping the true angular velocity both
in maneuvering and steady phases. This clearly demonstrates the effectiveness of the
adaptive mechanism in adjusting noise matrices, resulting in much greater stability
of AKF compared to KF.

I'%F - LOS angular velocity error with different noise levels AAKF - LOS angular velocity error with different noise levels

LOS angular velocity error [deg/s]
LOS angular velocity error [deg/s]

0 5 10 15 20
Time [s]

Figure 4. LOS Angular Velocity Error under Different Noise Levels

Figure 4 shows the error characteristics of the KF and AKF. For the KF, the error
increases rapidly with noise level: at o =0.03, it oscillates within +2 (deg/s); at
0 =0.16, it reaches —4 (deg/s); and at o =0.36, it can exceed —6 deg/s during strong
maneuvering (~8-10 s). Afterward, the error gradually decreases but still maintains
significant offset. In contrast, the AKF error is much smaller and more stable, mainly
within 1.5 (deg/s) for o in (0.03-0.16) and £3 (deg/s) at o =0.36. AKF also recovers
to near-zero faster after maneuvering, without noticeable lag or residual oscillation.
Together, Figures 3 and 4 show that AKF maintains an average error about 2-4 times
smaller than KF and reduces peak deviation by over 50%, confirming its robustness
and effective self-adjustment capability under varying noise.
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3.3. Influence of Kalman Gain on Estimation Behavior

80 KF - LOS angle with different gain factors 80 AKF- LOS angle with different gain factors
True LOS angle True LOS angle
KF, gain=0.08 AKF, gain=0.08
70 KF, gain=0.18 70 AKF, gain=0.18
KF, gain=0.44 AKF, gain=0.44
60 60
50 50
D a0 D a0
= =
s s
30 30
20 20
10 10
o L ol
0 5 10 15 20 0 5 10 15 20
Time [s] Time [s]

Figure 5. Comparison of Target LOS Angle under Different Gain Factors

Figure 5 shows the variation of LOS angle over time when changing the gain factor
K =0.08,0.18,0.44 for both KF and AKF. For KF, when the gain is small (K =0.08),

the estimated response exhibits a significant lag compared to the true value, while
larger gains ( K=0.18 and K=0.44) allow faster response and closer tracking.
However, when K becomes too large, the signal becomes more sensitive to noise,
shown by small oscillations around the true value. In contrast, for AKF, the difference
between the gain values is almost negligible. The adaptive filter automatically adjusts
the noise matrices and gain factor over time, resulting in estimated curves nearly
coinciding with the true value, proving the stability and flexibility of AKF when noise
characteristics change.

KF - LOS angle error with different gain factors AKF - LOS angle error with different gain factors
Gain=0.08

Gain=0.18
Gain=0.44

o
Y

iy 'f%v»rﬂy.,-iqf(‘r"%!'l\ fha
i

S
N

LOS angle error [deg]
3
'S

LOS angle error [deg]

-0.6

o 5 10 15 20 "o 5 10 15 20
Time [s] Time [s]

Figure 6. LOS Angle Estimation Error under Different Gain Factors

Figure 6 shows the LOS angle estimation error corresponding to different gain
values. For KF, the error increases significantly when K is small (0.08), with a
maximum deviation of about -6 (deg) during the maneuvering phase (8-12s). As K
increases to 0.18 and 0.44, the error gradually decreases but still exhibits clear
oscillations, indicating that KF is still strongly affected by noise and not fully stable.
Meanwhile, the AKF error is much smaller, with oscillation amplitude mostly within
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+0.5 (deg). The error curves for different K values almost overlap, reflecting the self-
adaptive capability that maintains the gain at an optimal level. Therefore, AKF
achieves a mean error 4-6 times lower than KF and stabilizes quickly after
maneuvering, demonstrating its superior performance under varying noise and gain
conditions.

KF - LOS angular velocity with different gain factors AKF- LOS angular velocity with different gain factors

12 12

True LOS angular velocity True LOS angular velocity
AKF, gain=0.08

KF, gain=0.08
AKF, gain=0.18

KF. gain=0.18
10 KF, gain=0.44 10 AKF. gain=0.44 Q
N,
———_ ~ o .
8 z — 8 Rt et
ey N - /'/ v . SN
2 J

-2 -2
[*] 5 10 15 20 o 5 10 15 20
Time [s)

w [degis]
w [degls]

Time [s]

Figure 7. Comparison of Target LOS Angular Velocity under Different Gain Factors

Figure 7 illustrates the LOS angular velocity response over time for different gain
factors for K =0.08,0.18,0.44 both KF and AKF. For KF, when the gain is small
(K =0.08), the estimated signal shows a noticeable lag compared to the true value,
particularly during the acceleration phase (6-10 s) and the deceleration phase (15-18
s). As the gain increases to K =0.18 and K =0.44, the filter responds faster and
follows the true curve more closely; however, during strong motion phases,
oscillations and clear phase delays still occur. In contrast, with AKF, the estimated
curves almost coincide with the true angular velocity at all three gain levels. Thanks
to the adaptive update mechanism of the noise matrices, AKF automatically corrects
the gain factor in real time, keeping the estimated signal closely aligned with the true
value and eliminating most of the lag phenomenon. This shows that AKF maintains

high accuracy and stability, being largely insensitive to the initial gain value.

KF - LOS angular velocity error with different gain factors AKF - LOS angular velocity error with different gain factors

LOS angular velocity error [degfs]
LOS angular velocity errar [deg/s]

(8} 5 10 15 20 (o] 5 10 15
Time [s] Time [s]

Figure 8. LOS Angular Velocity Estimation Error under Different Gain Factors

Figure 8 shows the LOS angular velocity estimation error corresponding to
different gain values. For KF, the error amplitude is large and highly sensitive to
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changes in K : at K =0.08, the maximum error can exceed —6 (deg/s) during the
maneuvering phase; as Kincreases to 0.18 and 0.44, the error decreases but still
maintains oscillations of about +(3-4) (deg/s). This reflects the poor stability of KF
when the gain is not properly adjusted to the noise characteristics. In contrast, the
AKEF error is much smaller and more stable, mostly within +1 (deg/s). The error
curves for different K almost coincide, demonstrating the self-adjusting capability
that allows AKF to maintain optimal performance throughout the process. After
maneuvering phases, the error quickly returns to near zero without noticeable
residual oscillations. Taken together, these results show that AKF achieves 3-5 times

higher accuracy than KF and maintains better stability across the entire gain range.

3.4. Quantitative Performance Evaluation Using RMSE

KF - RMSE of LOS angle with different noise levels AKF - RMSE of LOS angle with different noise levels

1.8

0.4 |
|

1 /\ ozl Z \
0 bme . el ;ﬂ \~ o Blar~? ;‘L’ﬂl T INCEATS TR M."\'.-
0 5 10 15 20 0 5 10 15 20
Time [s] Time [s]

Figure 9. Comparison of Target LOS Angle RMSE under Different Noise Levels

The figure shows the RMSE of the LOS angle when using the standard KF and the
AKF under different noise levels. It can be observed that for KF, when the noise
standard deviation o increases from 0.03 to 0.36, the RMSE rises sharply, reaching a
maximum of about 6 degrees at the highest noise level. In contrast, AKF maintains
much smaller and more stable errors, with a maximum RMSE of only about 1.7 (deg)
even under strong noise. This result demonstrates that AKF has better adaptability
and noise correction capability, reducing the average error by 4-6 times compared to

KF under high-noise conditions.

6

KF - RMSE of LOS angle with different gain factors

Gain = 0.08

RMSEs) [deq]

N oAbl

o 5 10 15 20 o 5 10 15 20
Time [s] Time [s]
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Figure 10. Comparison of Target LOS Angle RMSE under Different Gain Factors

Figure 10 illustrates the influence of the gain factor on the LOS angle RMSE when
applying KF and AKF. For KF, as the gain increases from 0.08 to 0.44, the RMSE
decreases significantly from approximately 6 (deg) to about 3 (deg), indicating that
this filter is quite sensitive to the gain parameter. Meanwhile, AKF maintains
consistently low RMSE values between 0.5 and 1 (deg), showing little sensitivity to
gain variation. This confirms that AKF can automatically adjust the gain factor to
match real measurement conditions, ensuring higher accuracy and stability than KF.

17\17 - RMSE of LOS angular velocity with different noise levels AQKF - RMSE of LOS angular velocity with different noise levels
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Figure 11. Comparison of LOS Angular Velocity RMSE under Different Noise Levels

The two plots illustrate how RMSE changes over time for three noise levels
(0=0.03,0.16,0.36) . In the left plot (KF), the RMSE increases significantly with higher

noise, especially around 7-10 (s) and 17-18 (s), showing that the standard Kalman
Filter is highly sensitive to measurement noise. In contrast, the right plot shows that
the AKF maintains low and stable RMSE values even when the noise increases.
Although local error peaks still appear, their amplitude is significantly smaller than
that of KF. This demonstrates that AKF performs more effectively in time-varying
noise environments, improving the accuracy of LOS angular velocity estimation.

1§F - RMSE of LOS angular velocity with different gain factors A"I<F - RMSE of LOS angular velocity with different gain factors
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Figure 12. Comparison of LOS Angular Velocity RMSE under Different Gain
Factors
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The figure clearly shows the difference in filtering efficiency between the two
methods. For the standard KF, the maximum RMSE of LOS angular velocity reaches
about 6.3 (deg/s) around 9 (s), with an average value of about 1.5-2.0 (deg/s) across
the time domain. As the gain increases from 0.08 to 0.44, the RMSE amplitude
decreases slightly but still exhibits large error peaks. In contrast, with the AKF, the
maximum RMSE drops to about 3.5 (deg/s), corresponding to a nearly 45% reduction
compared to KF, while the average error decreases to below 1 deg/s. Thus, AKF not
only significantly reduces instantaneous errors but also maintains higher overall
stability throughout the simulation, proving its ability to adapt effectively to time-

varying measurement noise.

R:IJISE of LOS angle - KF vs AKF with different noise levels RMSE gf LOS angular velocity - KF vs AKF with different noise levels
— < <
[ AKF 2.6141 L LN
: 21335
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L 096469 0.95074
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0.22515

0.03 0.16 0.36
Noise level (o) Noise Ievel (o)

Figure 13. Comparison of Average RMSE of LOS Angle and Angular Velocity
under Different Noise Levels
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Figure 14. Comparison of Average RMSE of LOS Angle and Angular Velocity
under Different Gain Factors

Figure 13 shows the change in RMSE for LOS angle and LOS angular velocity as
the input noise level (o) varies, and compares the performance of the standard KF and
the AKF. It can be clearly seen that as the noise level increases from 0.03 to 0.36, the
RMSE values of both quantities rise significantly, but the increase in KF is much
higher than in AKF. Specifically, for the LOS angle, the RMSE of KF increases from
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0.31419 (deg) to 2.6141 (deg) (more than eightfold), whereas AKF increases from only
0.017175 (deg) to 0.28257 (deg) (about sixteenfold, but the absolute value remains
much smaller). Similarly, for LOS angular velocity, the RMSE of KF increases from
0.9649 (deg/s) to 2.1335 (deg/s), while AKF increases slightly from 0.22515 (deg/s)
to 0.95074 (deg/s).

Figure 14 presents the change in RMSE for LOS angle and LOS angular velocity
when varying the filter gain factor, in order to evaluate its influence on estimation
performance in both KF and AKF. In general, as the gain increases from 0.08 to 0.44,
the RMSE of both filters tends to decrease, indicating that a properly chosen gain
improves convergence and reduces estimation error. However, the difference
between the two filters is evident in terms of error reduction and stability.
Specifically, for LOS angle, the RMSE of KF decreases from 2.5708 (deg) to 1.1877
(deg), while that of AKF varies only slightly from 0.16255 (deg) to 0.08636 (deg). For
LOS angular velocity, KF decreases from 2.1286 (deg/s) to 1.5763 (deg/s), whereas
AKEF decreases more strongly from 0.7168 (deg/s) to 0.51306 (deg/s). This shows that
AKEF not only achieves lower RMSE but also maintains higher stability when the gain
parameter changes.

3.5. Comparative Analysis between KF and AKF

The reason for this difference lies in the fact that KF uses a fixed gain coefficient
based on the assumption of constant measurement and process noise, while AKF has
a mechanism for adaptively adjusting the gain coefficient according to the variations
of estimation errors and actual noise characteristics. Therefore, AKF responds more
flexibly to changes in the measurement environment and target dynamics, achieving
higher estimation accuracy and avoiding large error oscillations as in KF. These
results demonstrate that using an adaptive gain allows the AKF to significantly
reduce RMSE while ensuring greater stability and reliability in estimating LOS angle
and angular velocity. This is a key advantage when applied to tracking systems for
randomly maneuvering targets, especially under complex and time-varying noise

conditions.

The results obtained from the simulations indicate that the adaptive mechanism
reduces the RMSE by 4 to 6 times compared to the conventional KF under severe noise
conditions. This significant improvement in tracking accuracy aligns with recent
literature emphasizing adaptive and enhanced filtering techniques. Specifically, the
robustness against noise uncertainty observed in the AKF corroborates the findings
of (Ge et al., 2019; Kruse et al., 2025), who highlighted the necessity of noise
compensation in time-varying environments. Furthermore, while neural-network-
aided or high-order filters as proposed by (Stubberud & Kramer, 2023; Wu et al., 2025)
offer complex architectural accuracy, our results demonstrate that a purely statistical-
based adaptive noise variance update (as seen in Equations 18 and 20) remains a
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highly effective and computationally lightweight solution for fourth-order dynamics,
directly addressing the phase lag commonly observed in fixed-gain designs.

4. Conclusion

Quantitative evaluation utilizing RMSE metrics confirms that the conventional KF
is highly sensitive to noise variations, leading to increased estimation errors and
phase lags during intense maneuvering phases. In contrast, the AKF maintains highly
accurate and stable tracking performance by adaptively updating the noise
covariance matrices in real time. This self-adjusting mechanism reduces the average
error by up to 4-6 times, demonstrating the superiority and reliability of the adaptive
filter for practical target-tracking applications.

However, this study has certain limitations. The current simulation model is
restricted to a 2D planar motion and relies on partial linearization of target dynamics,
which may not fully encapsulate complex 3D flight environments. Therefore, future
work will focus on extending this adaptive mechanism to more robust nonlinear
filtering frameworks, such as the Extended Kalman Filter (EKF) or the Unscented
Kalman Filter (UKF), alongside validating the algorithm using real-world flight
trajectory datasets to further verify its practical applicability.
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