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ABSTRACT

Indoor localization is an essential technology for indoor position tracking,
one of which utilizes Ultra-Wideband (UWB) sensors because of their high
accuracy. However, UWB sensor readings still contain noise that reduces
data reliability. To overcome this, this study proposes a solution in the form
of a Kalman Filter with adaptive determination of process noise (Q) and
measurement noise (R) values based on fuzzy logic. The main contribution
of this study is the application of Fuzzy Kalman Filter (FKF) to dynamically
adjust Q and R values, thereby increasing resistance to noise. The method
used is the Mamdani fuzzy logic system integrated into the Kalman Filter,
where fuzzy rules regulate Q and R updates based on variations in estimation
errors. Performance analysis uses Root Mean Square Error (RMSE) and
Mean Absolute Error (MAE). The experimental results show that applying
the Fuzzy Kalman Filter to UWB sensor readings can significantly reduce
RMSE and MAE values. Almost the same RMSE and MAE values indicate
increased accuracy and outlier reduction. In addition, using the Kalman
Filter affects the estimation of tag position coordinates obtained from the
Trilateration method, thereby reducing deviation and producing more stable
RMSE and MAE values. This study concludes that the Fuzzy Kalman Filter
successfully improves the accuracy of UWB-based indoor localization while
reducing noise and outliers in measurement data.

© 2025 The Authors.
Published by Association for Scientific Computing Electrical and Engineering.

This is an open access article under the CC-BY-SA license.

1. Introduction

Localization is a way to determine the location of an object in an environment. Localization-
based services are needed in various areas of life [1]–[3]. The system requires accurate object position
information to make correct decisions, both in indoor and outdoor environments. Indoor localization
requires better accuracy because it generally covers a limited environment [4]. Indoor localization
is implemented in various applications, such as automated cleaning robots [5]–[7], real-time luggage
tracking at airports [8], [9], hospital equipment monitoring (such as wheelchairs and defibrillators)
[10], [11], worker/item location tracking [12], and restricted access control for high-security zones
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[13].

There are several methods used in indoor localization, including: Wi-Fi-based localization [14],
[15], Bluetooth Low Energy (BLE) and Beacon [16], [17], Ultra-Wideband (UWB) [18], [19], com-
puter vision and camera [20], [21], Inertial Measurement Unit (IMU) [22], [23], and LiDAR [24],
[25]. Wi-Fi-based localization leverages Received Signal Strength Indicator (RSSI) measurements
from multiple access points (APs) to estimate position through trilateration or fingerprinting tech-
niques [26], [27]. BLE-based localization employs iBeacon or Eddystone transmitters that broadcast
signals detected by mobile devices [28]. Distance estimation relies on RSSI, with proximity detec-
tion or trilateration used for positioning. BLE beacons are energy-efficient and cost effective, making
them suitable for retail and indoor navigation applications. UWB provides centimeter-level accuracy
by measuring the Time of Flight (ToF) or Time Difference of Arrival (TDoA) of ultrashort pulse
signals between anchors and tags [29]. Its resistance to multipath interference and high temporal
resolution make it ideal for industrial tracking and autonomous robotics.

Computer Vision and Camera-based systems use optical sensors and advanced algorithms to
detect and track objects by analyzing visual data, enabling applications like augmented reality nav-
igation and robotic perception. However, they are heavily dependent on lighting conditions [30].
Inertial Measurement Units (IMUs), consisting of accelerometers, gyroscopes, and magnetometers,
estimate motion and orientation through dead reckoning, providing real-time tracking, but suffer-
ing from cumulative drift errors over time [31]. Light Detection and Ranging (LiDAR) employs laser
pulses to generate precise 3D depth maps, offering centimeter-level accuracy for autonomous vehicles
and 3D mapping, but at higher costs and computational demands [32]. These technologies are often
fused (e.g. visual-inertial odometry or LiDAR-SLAM) to enhance robustness in indoor localization,
autonomous systems, and augmented reality applications.

UWB technology offers significant advantages over other indoor localization methods, making
it the preferred choice for high-precision applications. This approach makes UWB highly resistant to
multipath interference and signal noise, problems that often degrade the performance of Wi-Fi and
BLE in complex environments. Additionally, UWB operates with extremely low latency, enabling
real-time tracking at refresh rates exceeding 100 Hz. This becomes a critical feature for dynamic
applications such as autonomous robotics and industrial automation that other technologies cannot
match [33]. Another key advantage is UWB’s ability to penetrate obstacles while maintaining accu-
racy, unlike optical systems that fail when line-of-sight is obstructed. UWB technology uses efficient
energy, which can be implemented on devices with battery power sources [34].

UWB sensors can determine an object’s position based on its geometric position. UWB position-
ing systems use a combination of fixed anchors (reference points with known locations) and mobile
tags (attached to objects being tracked) to determine precise real-time locations [35]. The system
measures the time it takes for UWB radio signals to travel between the tags and anchors, a method
known as Time-of-Flight (ToF) or Two-Way Ranging (TWR). By calculating these distances from
multiple anchors (typically at least three for 2D or four for 3D positioning), the system uses trilat-
eration to pinpoint the exact location of the tag. The problem that arises in this method is that the
measurement results are imperfect. The measurement results are influenced by noise, which causes
the measurement data to have deviations from the actual results. Therefore, estimating the measure-
ment results to produce values close to the exact values is important.

The use of UWB sensors in localization methods is often susceptible to noise, drift, and external
disturbances, resulting in significant estimation inaccuracies [36], [37]. Therefore, the Kalman filter
is widely used in position estimation applications. The Kalman Filter is an optimal recursive esti-
mation algorithm that efficiently predicts the state of a dynamic system from noisy measurements by
combining prior knowledge with real-time data in a predictor-corrector loop. There are various issues
associated with UWB sensors and the usefulness of the data they provide [38], [39]. Environmental
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changes, geographical circumstances, and obstacles can all have an impact on the data’s usefulness.
Based on this, UWB sensor results may contain noise or mistakes, affecting data accuracy.

To overcome the inherent noise and imperfections in sensor-based localization systems, the
Kalman Filter is regarded as one of the most effective and extensively used methods for filtering noisy
data [40], [41]. It acts in two steps: prediction and correction. In the prediction stage, the Kalman
Filter uses a mathematical model to predict the system’s future state. In the correction stage, this
estimate is updated using the most recent sensor readings, taking into account their uncertainty. This
continual refining process enables the Kalman Filter to reduce estimation errors, making it perfect for
real-time applications such as indoor localization via UWB, where accuracy and dependability are
critical. Comparative studies have shown that Kalman Filters outperform traditional filtering methods
such as moving average and low-pass filters, particularly in dynamic environments where rapid and
accurate updates are essential.

Despite its benefits, the Kalman Filter’s effectiveness is heavily reliant on the precise tuning of
its process noise covariance (Q) and measurement noise covariance (R) variables [42]–[44]. Poorly
chosen values might result in sluggish convergence, instability, or erroneous estimates. Fixed Q and
R values may function well in controlled contexts, but suffer under the variable noise circumstances
seen in real-world scenarios, according to research. Manually adjusting these settings is both time-
consuming and inflexible [45]. As a result, researchers have explored various adaptive techniques,
including machine learning [46] and heuristic optimization [47], [48], but many of these approaches
are computationally expensive or not suitable for real-time applications.

One promising solution for adaptive tuning is the integration of Fuzzy Logic systems. Fuzzy
Logic provides a flexible, rule-based framework capable of handling uncertainty and nonlinearities
in complex systems [49], [50]. By monitoring the filter’s estimation errors and system dynamics,
a Fuzzy system can intelligently adjust the Q and R parameters of the Kalman Filter in real time.
Compared to other adaptive methods [51]–[55], Fuzzy Logic offers a balance between adaptability
and computational efficiency. Studies comparing Fuzzy-adaptive Kalman Filters with conventional
and other adaptive methods (such as Genetic Algorithms and Particle Swarm Optimization) have
shown that Fuzzy Logic-based tuning achieves superior tracking accuracy and faster convergence
with lower computational cost [56], [57]. This makes the Kalman Filter combined with Fuzzy Logic a
highly effective solution for enhancing the accuracy and robustness of UWB-based indoor localization
systems.

This research contributes to designing and implementing Fuzzy Logic in Kalman Filter as adap-
tive tuning to determine the value of Q and R parameters in handling dynamic UWB sensor reading
conditions. In addition, this study utilizes the Kalman Filter to improve the accuracy of determining
the coordinates of the UWB sensor position in indoor areas based on the Trilateration method.

2. Method

This study aims to improve the accuracy of Ultra-Wideband (UWB) sensor readings in determin-
ing positional coordinates in indoor environments. The research block diagram can be seen in Fig. 1.
This study uses three UWB sensors, with two sensors as anchors and one as a tag. The tag sensor is a
mobile sensor representing a moving object in the indoor environment. The anchor sensors are fixed
sensors that receive signals from the tag sensor and convert them into distance values.

2.1. Ultra-Wideband Sensor Based Localization

This research employs UWB technology through an ESP32-integrated DW3000 module to mea-
sure precise distance between a reference point and a mobile target. UWB represents a short-range
radio communication technology that facilitates highly accurate ranging and spatial awareness, offer-
ing enhanced reliability and security for wireless positioning applications. The technology operates
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by transmitting nanosecond pulses across a wide frequency spectrum, enabling centimeter-level pre-
cision in distance measurement while maintaining robust performance in multipath environments.

Fig. 1. Diagram block of research method

As shown in Fig. 1, this study uses 3 UWB sensors that function as anchors and tags. Anchors
are generally fixed UWB devices with known locations. Tags generally refer to mobile UWB devices.
Anchors and tags exchange information to determine the distance between them. The exact location
of the tag can be determined by communicating with multiple anchors. UWB sensors utilize time-
of-flight (ToF) measurements to determine the distance between devices, which allows for precise
position and location tracking.

A geometric combination of anchor nodes and tag nodes is used to produce the position coor-
dinates of the object. Fig. 2 shows two anchor nodes (node 1 and node 2) have a distance c. The
distance between tag and node1 is defined as b. Meanwhile, the distance between tag and node 2 is
defined as a. Distance c is a constant determined according to the robot design. Based on the Trilat-
eration method, if the coordinates of node 1 are A (x1,y1) and node 2 are B (x2,y2), then the equation
to find the position of the tag on C (x,y) can be seen in equations (1)-(5). The coordinates of C are at
the intersection of two circles centered on A and B with the appropriate equations (1) and (2).

(x− x1)
2 +(y− y1)

2 = a2 (1)

(x− x2)
2 +(y− y2)

2 = b2 (2)

Subtracting the equations (1) and (2) produces the equation (3).

2x(x2 − x1)+2y(y2 − y1) = a2 −b2 + x2
2 + y2

2 − x2
1 − y2

1 (3)

In the condition y1 = y2, then from (3) the value of x is obtained according to equation (4).

x =
a2 −b2 + x2

2 − x2
1

2(x2 − x1)
(4)

By substituting (4) into equation (1), we get the value of y which is simplified to equation (5).

y = y1 ±

√
a2 −

(
a2 −b2 +(x2 − x1)2

2(x2 − x1)

)2

(5)
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Therefore, the tag coordinates or C are obtained from equations (4) and (5).

Fig. 2. Geometric combination of tag and anchor nodes

2.2. Kalman Filter

The Ultra-Wideband sensor’s distance measurements suffer from low accuracy due to noise in-
terference. To improve precision in determining object coordinates in indoor environment, a Kalman
Filter (KF) algorithm is implemented. Kalman Filter is an algorithm for estimating the state of a sys-
tem. This algorithm is carried out by combining measurements accompanied by noise from sensors
and predictions from the process model. The Kalman filter uses two process stages, prediction and
correction, to produce optimal state estimates.

The model-based prediction stage functions to propagate the state vector into the future using a
linear model. The correction stage combines current predictions with current measurement results to
obtain the corrected estimated state. The prediction equation can be seen in (6) and (7). Equation (6)
shows the predicted state estimation, and (7) shows the predicted error covariance.

x̂k|k−1 = Fkx̂k−1|k−1 +Bkuk (6)

Pk|k−1 = FkPk−1|k−1FT
k +Qk (7)

The predicted state estimate x̂k|k−1 represents the a priori estimation of x at time step k, calculated
using all available observations up to the previous time step k− 1. This prediction is accompanied
by its corresponding error covariance matrix Pk|k−1, which characterizes the uncertainty in the state
estimate by projecting the expected accuracy based on measurements through k−1. Together, these
predicted quantities form the Kalman Filter’s forward estimation step, where x̂k|k−1 provides the best
available state prediction. At the same time, Pk|k−1 quantifies the confidence in this prediction before
incorporating new measurements at time k.

According to equation (6), state transition model (Fk) applied in previous state xk−1. Control
input model (Bk) is applied to control vector (uk). The state transition matrix Fk projects the previous
covariance (Pk−1|k−1) to the current time step, while Qk represents the process noise covariance ma-
trix that captures uncertainties arising from external disturbances or model imperfections. The term
FkPk−1|k−1FT

k preserves the uncertainty structure from the prior estimate, whereas Q augments this
uncertainty to reflect accumulated prediction errors. Consequently, Pk|k−1 quantitatively measures the
confidence in the state prediction (x̂k|k−1) prior to the assimilation of new measurement data. This ma-
trix plays a critical role in determining the Kalman Gain (Kk), which optimally balances the weighting
between model predictions and actual observations. When Pk|k−1 is large, the filter places greater trust
in the measurements. On the other hand, when small, it relies more heavily on the model prediction.
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The update equation can be seen in equations (8)-(12). The three main components in this pro-
cess are the calculation of the Kalman gain (Kk) in equation (10), the update of the state estimate (x̂k|k)
in equation (11), and the update of the error covariance matrix (Pk|k) in equation (12). The Kalman
gain optimally balances the weights between model predictions and actual measurements based on
their uncertainties. The Hk matrix is an observation matrix that maps the states to measurement do-
mains, while Rk represents the measurement noise covariance. The updated estimate state (x̂x|x) is
combined with the innovation (ỹ) that reflects the difference between the actual (zk) and predicted
measurements. After incorporating new measurement information, the error covariance matrix is
updated to reduce the estimation uncertainty.

ỹk = zk +Kkx̂k|k−1 (8)

Sk = HkPk−1|k−1HT
k +Rk (9)

Kk = Pk|k−1HT
k S−1

k (10)

x̂k|k = x̂k|k−1 +Kkỹk (11)

Pk|k = (I −KkHk)Pk|k−1 (12)

This research utilizes Ultra-Wideband sensors to measure real-time distances, where the raw
distance measurement at time step k is denoted as zk. The Kalman Filter is applied to process these
measurements, combining the system’s dynamic model (with process noise covariance Qk) and sensor
noise characteristics (measurement noise covariance Rk) to produce more accurate distance estimates
(x̂k|k). By iteratively predicting and correcting the state, the filter reduces the impact of UWB-specific
errors such as multipath interference and signal noise. The refined output demonstrates improved
stability and precision compared to raw sensor data, making it suitable for indoor localization.

2.3. Fuzzy Logic

A critical limitation of the standard Kalman Filter lies in its reliance on fixed Qk and Rk val-
ues, which assume constant noise statistics throughout operation. In real-world UWB applications,
environmental dynamics, such as signal obstruction, moving obstacles, or interference, can cause
time-varying noise levels that fixed values cannot adapt to. These constraints highlight the need
for an adaptive approach to noise modelling in dynamic UWB-based systems. This study proposes a
fuzzy logic-based adaptive mechanism to dynamically adjust Qk and Rk based on real-time conditions
to address these limitations.

The input of fuzzy logic in the form of error (ek) and measurement difference/ delta measure-
ments (∆zk) can be seen in equations (13) and (14), respectively. The system error is obtained from
the difference between the current sensor measurement value and the estimated state at the previous
time step. On the other hand, delta measurements are obtained from the difference between the cur-
rent measurement value and the previous measurement result. The delta measurement value is used
to see the level of change in the measurement results produced by the Ultra-Wideband sensor.

ek = zk − x̂k−1|k−1 (13)

∆zk = zk − zk−1 (14)

The Fuzzy Logic block diagram is shown in Fig. 3. The inputs in the form of ek and ∆zk, which
are crisp, are converted to fuzzy values through the fuzzification process in the fuzzification inference
unit. The error range is categorized into three fuzzy membership functions corresponding to negative,
zero, and positive error states. The membership function of the input error can be seen in (15) to (17).
The graphical form representing the membership function of error can be seen in Fig. 4(a).
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Fig. 3. The block diagram of fuzzy logic

µnegative(xi) =


1 if xi <−3
−xi−0.1

2.9 if −3 ≤ xi ≤−0.1
0 if x >−0.1

(15)

µzero(xi) =


0 if xi <−0.5
xi+0.5

0.5 if −0.5 ≤ xi ≤ 0
0.5−xi

0.5 if 0 < xi ≤ 0.5
0 if xi > 0.5

(16)

µpositive(xi) =


0 if xi < 0.1
xi−0.1

2.9 if 0.1 ≤ xi ≤ 3
1 if x > 3

(17)

The delta measurement values are classified into three categories: decreasing, steady, and in-
creasing values. The membership functions for the input delta measurements are presented in equa-
tions (18) to (20). The graphical form representing the membership function of delta measurements
can be seen in Fig. 4(b).

µdecreasing(xi) =


1 if xi <−11
−xi−0.7

0.3 if −1 ≤ xi ≤ 0.2
0 if x > 0.2

(18)

µsteady(xi) =


0 if xi < 0
xi

0.5 if 0 ≤ xi ≤ 0.5
1−xi
0.5 if 0.5 < xi ≤ 0.1

0 if xi > 1

(19)

µincreasing(xi) =


0 if xi < 0.8
xi−0.8

1.2 if 0.8 ≤ xi ≤ 2
1 if x > 2

(20)

A fuzzy-based adaptation mechanism is developed to dynamically adjust the process noise co-
variance (Qk) and measurement noise covariance (Rk) matrices. The output membership functions for
both parameters are defined through three triangular fuzzy sets (small, medium, large), with mathe-
matical representations provided in Equations (21)-(23) for Qk and (24)-(26) for Rk. Visualizations
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of these membership functions appear in Fig. 4(b-c).

µsmall(xi) =


1 if xi < 0
0.8−xi

0.8 if 0 ≤ xi ≤ 0.8
0 if x > 0.8

(21)

µmedium(xi) =


0 if xi < 0.5
xi−0.5

0.5 if 0.5 ≤ xi ≤ 1
1.5−xi

0.5 if 1 < xi ≤ 1.5
0 if xi > 1.5

(22)

µlarge(xi) =


0 if xi < 1.2
xi−1.2

0.8 if 1.2 ≤ xi ≤ 2
1 if x > 2

(23)

µsmall(xi) =


1 if xi < 0
40−xi

40 if 0 ≤ xi ≤ 40
0 if x > 40

(24)

µmedium(xi) =


0 if xi < 30
xi−30

20 if 30 ≤ xi ≤ 50
70−xi

20 if 50 < xi ≤ 70
0 if xi > 70

(25)

µlarge(xi) =


0 if xi < 60
xi−100

40 if 60 ≤ xi ≤ 100
1 if x > 100

(26)

Fuzzy Logic rules based on the input and output defined above can be seen in Table 1. These
rules are used to make decisions about the Qk and Rk values in the system. This study uses the
Mamdani Fuzzy Inference System (FIS) as the central part of the decision-making unit.

According to Fig. 3, the final stage of Fuzzy Logic is defuzzification. In the defuzzification
process, the output values of Qk and Rk, which are fuzzy values, are changed into crisp form. The
method used in defuzzification is the centroid. The centoid or center of gravity method uses the total
area of the membership function distribution to show the combined control action divided into several
small areas. Each area is then calculated for its area and center of mass, then the summation of all
areas is carried out to obtain the defuzzification value on the discrete fuzzy set. The defuzzification
value (x∗) using the centroid method can be seen in equation (27).

x∗ =
∑

n
i=1 xiµ(xi)

∑
n
i=1 µ(xi)

(27)

3. Result and Discussion

The first research result analyses the error produced by the Ultra-Wideband (UWB) sensor com-
pared to the actual distance/ real value. Fig. 5 compares the UWB sensor’s measured values and the
standard reference measurements. Fig. 5 indicates that the UWB sensor’s distance measurements do
not exhibit stable values and tend to fluctuate.
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(a) Input error (b) Input delta measurements

(c) Output Q value (d) Output R value

Fig. 4. Membership function of each variable

The performance evaluation of the UWB sensor for distance measurement was conducted using
two evaluation metrics: Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE). MAE
measures the average absolute error between the sensor’s predicted values and the actual distance,
providing an accuracy assessment without being affected by error direction (positive/negative). This
metric is handy for evaluating sensor consistency, especially in environments with multipath interfer-
ence or random noise, as it is less sensitive to outliers. Meanwhile, RMSE offers a stricter perspective
by squaring the errors before averaging them, thereby giving higher weight to significant errors (such
as outliers or anomalies). The equations for MAE and RMSE can be seen in equations (28) and (29).

MAE =
1
N

N

∑
k=1

∣∣vk − x̂k|k−1
∣∣ (28)

RMSE =

√
1
N

N

∑
k=1

(vk − x̂k|k−1)2 (29)

where N is the total amount of data, vk is the actual value or true value, and x̂k|k−1 is the estimation
value of the model.

Table 1. Rules of fuzzy logic

No. Input of Fuzzy Logic Output of Fuzzy Logic
Error Delta Measurements Qk Rk

1 negative decreasing large small
2 negative steady medium small
3 negative increasing small small
4 zero decreasing medium medium
5 zero steady small medium
6 zero increasing small large
7 positive decreasing small small
8 positive steady small medium
9 positive increasing small large
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Fig. 5. Comparison of measured to true values

Table 2 shows the MAE and RMSE values based on the results of sensor distance measure-
ments at 1m - 5m. The measurement results show that the UWB sensor has a smaller MAE than the
RMSE. This indicates that, on average, the sensor has quite good accuracy. However, there are several
measurements with significant errors (outliers). A low MAE suggests that most of the measurement
data is close to the true/real value with a slight deviation. A higher RMSE value indicates several
measurements with significant errors, which may be caused by environmental noise interference.

The difference between MAE and RMSE indicates that the UWB system is still susceptible to
anomalies, so further optimization is needed to improve the reliability of the measurement.

Table 2. UWB performance in generating distance data

Distance MAE RMSE
(m) (m) (m)
1 0.0257 0.0300
2 0.0362 0.0460
3 0.0521 0.0680
4 0.2133 0.2927
5 0.0623 0.0734

The application of the Kalman Filter can be an effective solution to reduce the influence of noise
and outliers on UWB measurements. The Kalman Filter utilizes sensor data to produce a more stable
estimate. By combining noisy UWB measurements with model predictions, the Kalman Filter can
smooth the data, reduce error variance, and eliminate outliers. In addition, this filter is also able to
compensate for measurement delays and improve system response in real time. Implementing the
Kalman Filter on the UWB sensor is expected to reduce the RMSE close to the MAE value, reducing
measurement instability while maintaining average accuracy.

The results of the study according to Table 3 show that the application of the Kalman Filter
and Fuzzy Kalman Filter can significantly reduce the MAE and RMSE values compared to the raw
data of UWB sensor measurements. This decrease indicates that both filtering methods have reduced
noise and measurement instability, thereby increasing system accuracy. In particular, the RMSE,
which tends to approach the MAE value after signal processing, indicates that the error distribution
becomes more concentrated around the average value, with few outliers or significant errors.

This proves that the filter used improves precision and measurement consistency, making the
system more reliable in real-time applications such as autonomous navigation or object tracking.
Furthermore, the results of the study revealed that the MAE and RMSE values of the conventional
Kalman Filter are greater than those of the Fuzzy Kalman Filter.
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Table 3. Comparison of UWB performance in generating distance data using kalman filter and fuzzy kalman
filter

Distance Kalman Filter Fuzzy Kalman Filter
(m) MAE (m) RMSE (m) MAE (m) RMSE (m)
1 0.0236 0.0276 0.0211 0.0242
2 0.0326 0.0387 0.0266 0.0288
3 0.0446 0.0530 0.0455 0.0388
4 0.1765 0.2313 0.1142 0.1402
5 0.0606 0.0703 0.0575 0.0657

This difference is due to the ability of the Fuzzy Kalman Filter to adjust the noise (Qk) and
measurement noise (Rk) process parameters adaptively based on dynamic environmental conditions.
While Kalman Filter uses fixed Qk and Rk values, Fuzzy Kalman Filter utilizes fuzzy logic to optimize
these parameters in real-time, making it more responsive to noise.

This adaptability results in more accurate estimations, as reflected by the decrease in MAE and
RMSE value of Fuzzy Kalman Filter. Thus, the integration of fuzzy logic into the Kalman Filter
improves the system’s robustness to noise variations and enhances the measurement stability, making
it a better solution for UWB sensor applications in complex and dynamic environments.

The visualization of measurement results comparing the Kalman Filter and Fuzzy Kalman Filter
is presented in Fig. 6. The graph demonstrates that the Fuzzy Kalman Filter exhibits better perfor-
mance in reducing noise and enhancing signal stability than the conventional Kalman Filter. This
improvement is attributed to the adaptive nature of the Fuzzy Kalman Filter, which dynamically ad-
justs its parameters to better handle uncertainties in the system. Both algorithms were tested using
initial Qk = 1 and Rk = 1, ensuring a fair comparison under identical starting conditions.

Despite these initial settings, the Fuzzy Kalman Filter consistently outperforms its traditional
counterpart, particularly in scenarios with high variability or unpredictable noise patterns. Fig. 7
illustrates the adaptive values of Qk = 1 and Rk = 1 in the Fuzzy Kalman Filter, indicating the al-
gorithm’s ability to self-adjust and optimize its performance in real-time. This adaptability is a key
advantage, as it eliminates manual tuning of these parameters, which is often a challenging and time-
consuming in the standard Kalman Filter.

The Fuzzy Kalman Filter visually produces more stable sensor readings, as evidenced by the
smoother output curve in Fig. 1. This stability is achieved without requiring prior adjustment of Qk
= 1 and Rk = 1, highlighting the algorithm’s robustness and practicality for real-world applications
where noise characteristics may not be known in advance. The last experiment was conducted using
three UWB sensors. Two distance data generated by the UWB sensor were fed into the Fuzzy Kalman
Filter to obtain more accurate results. The two datasets were processed into position coordinates from
the UWB sensor, which were used as tags according to the x and y equations. The results of the 2D
coordinates from the calculation were also filtered using the Kalman Filter with fixed Q and R values
of 0.1 and 100.

The results of the position coordinate distribution are shown in Fig. 8. Based on Fig. 8, the
position coordinates of the anchor reading results filtered using the Fuzzy Kalman Filter still show
a wide distribution, even though the distance accuracy has increased when compared to the desired
coordinate value. This is different from the results of the position coordinates using the Kalman Filter,
which are more precise. According to Table 4, the average value of RMSE and MSE represents the
correct position coordinates against the unfiltered position coordinates and with the Kalman Filter.
The average value of RMSE and MAE of the actual position error against the unfiltered position is
1.0916 and 0.8406. This shows that the position estimation system is accurate with a mean absolute
error (MAE) below 1 meter. Some significant errors cause a higher RMSE, indicating inconsistent
performance.
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Fig. 6. Visualization of the comparison of UWB sensor measurement performance against true values.

The difference between RMSE and MAE suggests the presence of outliers or points with sub-
stantial deviations.

(a) Result in 1m (b) Result in 2m

(c) Result in 3m (d) Result in 4m

(e) Result in 5m

Fig. 7. Changes in the values of the Qk and Rk parameters in the Fuzzy Kalman Filter
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Table 4. Comparison of system performance in determining position coordinates with and without filters

Coordinates Without Filter With Filter
(m) MAE (m) RMSE (m) MAE (m) RMSE (m)

(0.87 , 3.50) 0.6418 0.8372 0.4148 0.4154
(0.35 , 4.40) 0.8697 1.1753 0.1047 0.1050
(2.00 , 6.00) 1.1100 1.3837 0.6198 0.6206
(0.11 , 2.30) 0.4707 0.5760 0.1085 0.1086
(0.35 , 4.98) 1.1109 1.4855 0.6763 0.6770

On the other hand, the average results of RMSE and MAE of the correct position error against
the filtered position are 0.3853 and 0.3848. This shows that the position estimation model using
the Kalman Filter has a high level of accuracy, indicating that the average position estimation error
against the actual position is less than 0.39 meters.
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Fig. 8. Coordinates distribution of tag sensor

These two nearly identical values suggest that the distribution of estimation errors is very con-
sistent, with no outliers or significant errors, since the RMSE, which is sensitive to high deviations, is
only slightly different from the MAE.

This reflects that the model works stably and precisely across a wide range of measurement
points, both under ideal conditions and those that may contain minimal noise.
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4. Conclusion

Based on the evaluation results, the implementation of Fuzzy Kalman Filter (FKF) has been
proven to be effective in improving estimation accuracy by significantly reducing the mean absolute
error (MAE) and root mean square error (RMSE). The decrease in MAE indicates that the average
absolute error in the estimation is getting smaller. At the same time, the decrease in RMSE shows an
increase in precision and a reduction in error variability.

This proves that integrating fuzzy logic and the Kalman Filter can better overcome system uncer-
tainty and nonlinear noise than conventional methods. Thus, FKF improves estimation accuracy and
reduces error dispersion, resulting in more stable and reliable predictions. Furthermore, the greater
decrease in RMSE compared to MAE indicates that FKF successfully minimizes outliers or extreme
deviations in the estimation data.

This implies that the fuzzy approach in Kalman Filter parameter adaptation can dynamically
adjust to data fluctuations, thereby reducing the overall error range. These findings have important
implications in developing adaptive estimation systems, especially in environments with high noise
and non-linear dynamics.
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