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A B S T R A C T   

In indoor environments, accurate speed estimation is crucial for providing continuous and reliable position of 
mobile robots. However, conventional odometry methods may suffer from performance degradation, particularly 
in scenarios involving wheel odometry slipping or visual odometry blurring. In this study, we propose Mag-ODO, 
a novel motion speed estimation method based on dual magnetometers aimed at enhancing the robustness of 
indoor robot positioning systems. The dual magnetometers are mounted at the front and back of the robot, and 
the speed is estimated by matching the magnetic-filed waveforms sampled from the magnetometers. We employ 
the dynamic time warping (DTW) algorithm to implement waveform matching and use both the magnetic field 
strengths and the changing trend of the magnetic field strengths as the matching cost function, effectively 
reducing the matching error. Mag-ODO has two key advantages: immunity to magnetometer bias and transient 
disappearance of magnetic field gradients within a matching time window does not affect speed estimation 
accuracy. Test results show that Mag-ODO performs similarly to Wheel-ODO in magnetic-rich environments 
(RMSE < 0.06 m/s) and comparable dead reckoning (DR) performance with inertial navigation systems (INS) in 
both straight and curved environments.   

1. Introduction 

Accurate and robust position and heading estimation for mobile ro
bots has become more and more essential for autonomous mobile robots 
[1]. The Global Navigation Satellite System (GNSS) can provide reliable 
navigation and positioning capabilities, but it is unusable for indoor 
applications [2]. Dead reckoning (DR) is a commonly used self- 
contained positioning method in GNSS-denied environments. DR sys
tems can estimate the position and attitude by integrating linear and 
angular velocity measurements. Typically, DR systems consist of an in
ertial measurement unit (IMU) and an odometry [3]. IMU can provide 
angular velocity measurements, and odometry can provide linear ve
locity measurements. Therefore, accurate and robust odometry is 
essential for DR systems. Consequently, research on self-contained 
odometry systems has recently attracted much attention [4]. 

According to our investigation, there are four main types of odom
etry [4], including the wheel odometry, the inertial odometry, the 
LiDAR odometry, and the visual odometry. The strengths and weak
nesses of the above odometry are shown in Table 1 [5–11]. Despite the 
advantages, these odometry methods can suffer from performance 

degradation in certain scenarios, as shown in Table 1, leading to reduced 
robustness in the navigation system. Other low-cost sensors can be 
employed to enhance the robustness of these systems. One promising 
candidate is the magnetometer. 

The magnetometer-based velocity estimation method was first pro
posed by David Vissière et al. in 2007 [12,13]. This method is based on 
Maxwell equations and aims to estimate inertial velocity by utilizing 
indoor magnetic field disturbances, requiring no prior mapping or other 
information. Hence, it has been further investigated by other researchers 
[14–17]. Charles-Ivan Chesneau demonstrated strap-down inertial 
navigation technology assisted by magnetic field features, indoor DR 
technology based on Micro-Electro-Mechanical System (MEMS) 
Magnetometer and MEMS IMU, and calibration technology of magne
tometer arrays [18]. Makia Zmitri et al. proposed an extended Kalman 
filter (EKF) based magnetic field gradient estimation method to reduce 
noise affecting magnetic field gradients [19]. More recently, Isaac Skog 
et al. proposed using optical flow methods in image processing to extract 
velocity information from magnetometer array data [20]. 

Although the methods mentioned above can provide velocity infor
mation without requiring prior magnetic field information or a map, 
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they all rely on a magnetometer array to obtain magnetic field mea
surements, necessitating strict installation and calibration. Nevertheless, 
even after rigorous installation and calibration, the magnetometer bias 
may change significantly due to alterations in hardware structure and 
working conditions, as well as random bias, which limits the applica
bility of these methods. Additionally, these methods are sensitive to 
magnetic field gradients, rendering them ineffective in areas where the 
magnetic field gradient is not apparent. 

In this study, we introduce Mag-ODO, a low-cost dual-magnetom
eter-based speed estimation method. This method employs waveform 
matching to associate the measurements of the front and back magne
tometers passing through the same position at different times and 
combines the fixed distances of the two magnetometers to obtain the 
carrier’s speed. This method takes advantage of the fact that the vertical 
projection of the magnetometer bias is a constant value [21] and uses 
the changing trend of the vertical component of the magnetic field as 
one of the matching indicators, thereby effectively eliminating the in
fluence of the magnetometer bias on the matching results. In addition, 
the method uses a time window to match the waveforms, effectively 
reducing the influence of the temporary disappearance of the magnetic 
field gradient within the time window on the matching results. The 
matching fails only when the magnetic field gradient within the window 
completely disappears. Therefore, the method proposed in this study is 
more tolerant to magnetic field gradient disappearance. 

Fig. 1 illustrates the algorithm structure of DR based on Mag-ODO 
and the Inertial Navigation System (INS). In this algorithm, INS Mech
anization predicts the state of the carrier, while Mag-ODO provides the 
speed measurement. An EKF is employed for information fusion, and the 
estimated state errors are used to update the robot pose and compensate 

for the IMU outputs. 
In this study, we make several noteworthy contributions. Firstly, we 

propose a novel speed estimation method called Mag-ODO, based on the 
time difference between the front and back magnetometers passing the 
same position at different times. Secondly, we conduct field tests to 
evaluate the Mag-ODO’s characteristics fully. The experimental results 
demonstrate that the Mag-ODO performs almost as well as the wheel 
odometer. Thirdly, we implement a DR system based on MEMS-IMU and 
Mag-ODO to evaluate its performance further. A comparison between 
Mag-ODO/INS and Wheel-ODO/INS is carried out, and the results show 
that the Mag-ODO/INS has nearly the same performance as the Wheel- 
ODO/INS in environments with rich magnetic field features. 

The rest of the paper is organized as follows. Section 2 provides a 
detailed description of the proposed Mag-ODO method. Section 3 pre
sents the fusion algorithm used in our system. Section 4 analyzes the 
testing results obtained from our experiments. Finally, we conclude the 
proposed methods and present future work in Section 5. 

2. Methodology 

In general, carriers cannot be considered a single mass point but a 
rigid body. Therefore, when a carrier moves, different parts of the car
rier pass through nearly the same position at different times. This results 
in a time difference between the front and back parts of the carrier 
passing through the same position. The time difference is inversely 
proportional to the speed of the carrier, allowing us to obtain the speed 
of the carrier by measuring this time difference. However, how to 
perceive that the two parts of the carrier have passed the same position? 
We can solve it with two magnetometers mounted on the front and back 
positions of the carrier. Most indoor environments have many different 
magnetic features [22]. The magnetic field features at different indoor 
positions differ due to artificial ferromagnetic materials. Furthermore, 
the magnetic field strength exhibits a cubic decay with distance from the 
ferromagnetic material [23], and the spatial resolution of the magnetic 
field is sufficiently high. These facts allow us to obtain the time differ
ence between the front and back magnetometers passing by the same 
position by matching the measurements of the two magnetometers. 

Fig. 2. illustrates the working principle of Mag-ODO. Two magne
tometers are mounted on the front and back of the carrier, respectively, 
and produce similar magnetic field waveforms as the carrier moves. By 
matching the waveforms sample by sample, we can obtain the time 
difference between the two magnetometers passing the same position. 
Then, we calculate the moving speed using the time difference and the 
fixed distance between the magnetometers. 

It should be noted that the magnetic field at the same position will 
remain relatively constant over time if there is no external interference 

Table 1 
Comparison of Typical odometry.  

Odometry 
Type 

Advantage Disadvantage 

Wheel 
odometry 
[9] 

Easy to mount on wheeled 
robots; Low cost. 

The performance would degrade 
due to slippage on tough surface. 

Inertial 
odometry 

Fully self-contained[810]; Low 
cost. 

Drift issue due to the influence 
of error factors such as 
gyroscope bias and 
accelerometer bias. [5] 

LiDAR 
odometry 

Insensitive to light changes and 
low-texture environments; 
Perform well in structured 
scenes. [11] 

High cost; Appear degeneracy 
arose by the lack of geometrical 
structures. [6] 

Visual 
odometry 

Performs well in the texture- 
rich environment. [7] 

Vulnerable to light changes and 
lack of visual texture. [11]  

Fig. 1. DR algorithm structure. P/V/A represent position, velocity, and attitude, respectively. NHC represents non-holonomic constraints, ω represents gyroscope 
measurements, f represents accelerometer measurements, and m represents magnetometer measurements. 
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or the interfering source is stationary. Therefore, in such cases, Mag- 
ODO is not affected by temporal variations in the magnetic field. 
Moreover, if a moving ferromagnetic material is nearby, Mag-ODO can 
still function properly as long as the magnetic field remains constant 
when the front and back magnetometers pass through that material. 

Let f represent the sampling frequency of the magnetometer, L 
represent the distance between the front and back magnetometers, and 
N represent the number of samples that differ between the sample of the 
back magnetometer and its corresponding sample of the front magne
tometer obtained by waveform matching. The speed of the carrier can be 
calculated as follows: 

v =
Lf
N

(1) 

From Equation (1), it can be observed that the speed estimation re
sults are dependent on the distance, L, between the magnetometers. If 
the carrier maintains a linear and constant speed motion, a larger L 
would lead to higher accuracy in speed estimation. However, in prac
tical applications, the trajectory of the carrier is uncertain, and as L 
increases, the uncertainty of the matching results also increases. As the 
trajectory shape becomes more complex, the spatial structure experi
enced by the front and back magnetometers is not completely consistent, 
which will result in speed estimation errors. 

2.1. Installation scheme and coordinate systems 

Fig. 2 illustrates how the Mag-ODO is installed, while Fig. 3 defines 
the relevant coordinate systems. The vehicle coordinate system is 
denoted by the v-frame, where the x-axis points forward, the y-axis 

points left, and the z-axis points up, forming a right-handed orthogonal 
frame (i.e., the forward-left-up system). The origin of the v-frame is 
typically set at the center of mass of the vehicle. The coordinate systems 
of the front and back magnetometers are represented by the mf-frame 
and mb-frame, respectively. 

Before installing the magnetometers, it is important to determine 
which magnetic field axis is more suitable for estimating the speed of 
motion. In this method, the z-axis is considered more suitable due to its 
parallelism with the robot’s z-axis and the convenience of installation 
without any restriction on the directions of the × and y axes, which may 
lead to more complicated issues related to mounting angle. Therefore, z- 
axis data are chosen for waveform matching. 

During the installation of the magnetometers, it can be challenging 
to ensure that the z-axis of the two magnetometers’ coordinate systems 
is entirely parallel to the z-axis of the v-frame, and the initial bias of the 
two magnetometers may be different, causing differences in their 
waveforms. To address this, the waveform matching algorithm used in 
this study considers both the magnetic field strength and its variation 
trend to eliminate the influence of incomplete parallelism and initial 
zero bias. While it is important to make the z-axis of the magnetometer 
coordinate system and the v-frame as parallel as possible, it is not strictly 
necessary. Mounting the magnetometers vertically on the carrier plane 
is sufficient for simplified operation. 

Meanwhile, ensuring that the line connecting the origins of the two 
magnetometer coordinate systems is parallel to the x-axis of the v-frame 
is challenging, which can affect the final speed calculation. Let L 
represent the magnetometer distance, L’ represent the projection of the 
magnetometer distance on the x-axis of the v-frame. A small misalign
ment between the origin of the two magnetometers coordinate systems 
and the x-axis of the v-frame is denoted by δψ , then L’ = L cos(δψ). Based 
on the small angle assumption, L’ can be approximated as L(1-δψ). As v 
= L’/Δt, the misalignment δψ can be considered as the scale factor of the 
speed observation, and it can be estimated through multi-sensor infor
mation fusion (such as GNSS/INS/ODO loose coupling). In this study, 
we perform calibration in advance to eliminate the influence of the 
misalignment. 

It should be noted that the magnetometer used in this study has 
almost no limitation on accuracy, and two MEMS magnetometers would 
be sufficient. However, during usage, careful attention should be given 
to the installation position of the magnetometer. It is advisable to place 

Fig. 2. Installation and work flow of the Mag-ODO.  

Fig. 3. Definition of the relevant coordinate systems.  
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the magnetometer as far away as possible from sources of interference, 
such as motors and power supplies, to avoid any influence of fluctuating 
magnetic fields on accuracy. Once installed, the position of the 
magnetometer should be kept unchanged to ensure consistent and reli
able measurements. In addition, the application scenario should also be 
considered. The magnetic field in the environment should remain stable 
and should not fluctuate significantly. During operation, the robot 
should be kept away from moving ferromagnetic objects, which will 
interfere with the magnetic field and affect the accuracy of the magnetic 
field odometer. 

2.2. Speed calculation principle 

The Mag-ODO workflow involves several steps. First, the front and 
back magnetometer measurements are collected. Next, the measure
ments undergo preprocessing, which includes low-pass filtering, 
framing, and normalization. The preprocessed measurements are then 
matched using waveform matching. Fig. 4 shows the framing and 
waveform matching process. The matching results of the beginning and 
ending times The reason will be described later. Additionally, adjacent 
frames have partial overlap, and the final matching result is obtained by 
splicing the matching results of all time windows. We use the dynamic 
time warping (DTW) algorithm for waveform matching, and more de
tails about this algorithm will be provided later. 

Ensuring high-precision matching of the magnetic field waveforms is 
crucial to the success of the Mag-ODO system. Among the algorithms 
commonly used for waveform matching, such as the correlation coeffi
cient method [24] and DTW [25], DTW is more appropriate for this task 
since the speed of the carrier varies with time. The idea behind DTW is to 
find the optimal path for matching two signals by warping their time 
scales. We use the Dijkstra algorithm, commonly used in path planning 
[26], to implement the DTW algorithm. By integrating the kinematic 
constraints of the carrier, such as its speed and acceleration, into the cost 
matrix and search space, we can achieve a highly accurate match. 

Except for the setting of the cost matrix, the rest of the proposed 
matching algorithm is the same as the typical Dijkstra algorithm. The 
cost matrix is used to describe the similarity between each point of the 
waveforms. A lower cost indicates a higher similarity. Typically, the 
Euclidean distance is used as the cost between two points. However, the 
measurements from the two magnetometers may not be equal due to 
magnetometer bias or fixed magnetic interference, and the z-axis of the 
magnetometer coordinate system may not be parallel. The former can be 
compensated partially during the initialization of the Mag-ODO but 
cannot be eliminated. To address these issues, we include the changing 
trend of the magnetic field strength as part of the cost. In paper [27], the 
changing trend of the i-th point is defined using a derivative calculation 
method as follows. 

div(pi) =
(pi − pi− 1) + ((pi+1 − pi− 1)/2 )

2
(2) 

where pi represents the data of the i-th point, and div(pi) represents 

the changing trend of the i-th point. 
To summarize, the cost between two samples is defined as follows: 

cost
(
pi, pj

)
= dist

(
pi, pj

)
+ dist

(
div(pi), div

(
pj
) )

(3) 

where cost
(

pi, pj

)
represents the degree of difference between the i- 

th point and the j-th point. The first term on the right side of the equation 
represents the Euclidean distance between the i-th point and the j-th 
point, while the second term represents the Euclidean distance of 
changing trend of the i-th point and the j-th point. 

Fig. 5 illustrates the matching results obtained using three different 
cost functions. It is worth noting that both (a) and (b) failed to align the 
two central peaks, meaning that the two troughs in (a) were not 
matched, while there were several mismatch points between the two 
troughs in (b). This result highlights that relying on only one of the two 
items is insufficient to achieve an excellent match, whereas incorpo
rating both items yields satisfactory results. 

Upon observing the matching results in Fig. 5 (c), it can be seen that 
there are several mismatches at the beginning and end of the waveforms. 
The front magnetometer has no corresponding data with the back 
magnetometer at the beginning of the sliding window, while the back 
magnetometer has no corresponding data with the front magnetometer 
at the end of the sliding window. To address this, we remove the mis
matches at both ends while retaining the matching result of the middle 
region. Fig. 6 illustrates the matching results after removing the mis
matches. With the matching completed, each sample of the back 
magnetometer can now find a corresponding sample in the front 
magnetometer waveform. The speed of the carrier is then calculated 
using Equation (1). Fig. 7 shows the speed results with and without the 
removal of mismatches. The speed curve without removing mismatches 
has many abnormal spikes, while the speed curve with removing mis
matches agrees well with the wheel odometer. 

3. Fusion algorithm design 

An EKF algorithm is utilized to fuse the Mag-ODO and IMU in order 
to evaluate the performance of the proposed Mag-ODO in a DR system 
[28]. 

3.1. INS Mechanization 

The INS Mechanization algorithm is based on the idea that the cur
rent position, velocity, and attitude of a moving object can be obtained 
by integrating acceleration twice and angular rate once, given the initial 
navigation state. For this study, we use the MEMS-IMU for INS Mecha
nization. The simplified version of the discrete INS mechanization al
gorithm equations in the navigation coordinate system (i.e., n-frame) is 
presented below [22]: 

Fig. 4. Framing and waveform matching process.  
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where pn and vn represent the position vector and the velocity vector 
in the n-frame, respectively, Cn

b represents the transformation matrix 
from the body coordinate system (i.e., b-frame) to the n-frame, gn rep

resents the Earth gravity vector in the n-frame, f̃
b 

and ω̃b represent the 
acceleration measurement vector and angle rate measurement in the b- 
frame, respectively. ba and bg represent the bias of the accelerometer and 
gyroscope, respectively. Δt= tk − tk− 1 represent the time interval be
tween the k-th and (k-1)-th epoch. 

3.2. System model 

An EKF is used to fuse speed measured by the odometer and INS 
information. The state vector is usually defined as: 

δx =
[

(δpn)
T

(δvn)
T ϕT (

δbg
)T

(δba)
T
]T

(5) 

where δ represents the error of variables, δpn, δvn and ϕ represent the 
error vectors of position, velocity, and attitude in the n-frame, respec
tively. Meanwhile, δbg and δba represent the error vectors for gyroscope 
and accelerometer biases, respectively. The discrete linearization of the 
system error model can be expressed as follows: 

{
δxk|k− 1 = Φk− 1δxk− 1|k− 1 + nw,k
δzk = Hkδxk|k− 1 + nv,k

(6) 

where the subscripts k-1 and k represent the epoch, δxk− 1|k− 1 and 
δxk|k− 1 represent the previous and predicted error state vectors, respec
tively. δzk represent the measurement misclosure vector, Hk is the 
observation matrix, nw,k, nv,k are the process noise and measurement 
noise, respectively, and Φk is the 15 × 15 state transition matrix [28]: 

Φk =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

I3×3 I3×3Δt 03×3 03×3 03×3

03×3 I3×3
(
f n

k ×
)
Δt 03×3 Cn

b,kΔt
03×3 03×3 I3×3 − Cn

b,kΔt 03×3

03×3 03×3 03×3 I3×3 03×3

03×3 03×3 03×3 03×3 I3×3

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(7)  

3.3. Observation model 

The velocity measurement in the v-frame can be expressed as fol
lows: 

ṽv
odo = vv

odo + ev (8) 

The velocity measurement in the v-frame obtained by the INS 
Mechanization can be expressed as follows: 

v̂v
odo = vv

odo +Cv
b

[
Cb

nδvn − Cb
n(v

n × )ϕ −
(
lb
odo ×

)
δωb

ib

]
(9) 

where Cv
b represent the IMU mounting angle rotation matrix, lbodo is 

the lever arm vector between the b-frame and v-frame. In the DR system 
based on the Mag-ODO, the origin of the v-frame is the midpoint of the 

(a) (b) (c)

Fig. 5. Matching results of three different cost functions: (a) Using only the Euclidean distance of the change trend item as the cost, (b) using only the Euclidean 
distance of magnetic field strength as the cost, and (c) using both the Euclidean distance of magnetic field strength and the Euclidean distance of the change trend 
item as the cost. Note that in both (a) and (b), the two central peaks failed to align. 

Fig. 6. Matching result of filtering out mismatches.  

Fig. 7. Speed estimate result with and without removing mismatches.  
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line connecting the two magnetometers. The measurement vector can be 
expressed as follows [28]: 

δzv
odo = v̂v

odo − ṽv
odo

= Cv
bCb

nδvn − Cv
bCb

n(v
n × )ϕ − Cv

b

(
lb
odo ×

)
δωb

ib
(10) 

The 3 × 15 measurement matrix can be expressed as follows: 

Hk = [ 03×3 H12 H13 H14 03×3 ] (11) 

where the sub-matrix in Hk is defined as: 
⎧
⎪⎪⎨

⎪⎪⎩

H12 = Cv
bCb,k

n

H13 = − Cv
bCb,k

n

(
vn

k ×
)

H14 = − Cv
b

(
lb
odo ×

)
(12)  

4. Experimental result 

This section presents experimental results to demonstrate the char
acteristics of Mag-ODO and its performance in the DR system. The 
experimental conditions are described first, then the speed measure
ments obtained from the Mag-ODO and the Wheel-ODO are compared to 
analyze the Mag-ODO’s characteristics. Finally, the DR performances of 
the Mag-ODO/INS and the Wheel-ODO/INS are compared to demon
strate the practicality of the Mag-ODO in a multi-source positioning 
system. 

4.1. Experimental description 

Fig. 8 shows the experimental platform, which includes two self- 
developed data acquisition modules mounted on the front and back 
positions of the robot, respectively. Each module includes an inertial 
sensor chip (ICM20602) and a magnetometer (LIS3MDL), enabling 
synchronous acquisition of inertial data and magnetic field strength 
data. The performance parameters of the inertial sensor chip can be 
found in [29]. The wheel odometer data was also recorded in the Mag- 
ODO characteristics test, with a resolution of 500 pulses per revolution 
and a wheel diameter of 7.5 cm. In addition, as depicted in Fig. 8, a 2D 
LiDAR (RPLIDAR S1) was equipped to provide pose ground truth. The 
detection range of the LiDAR reaches 40 m, and the sampling frequency 
is 10 Hz. Based on this LiDAR, the SLAM system can provide decimeter- 
level positioning results as pose ground truth [30]. To ensure the ac
curacy of the reference ground truth, we placed several geometric ob
jects strategically within the environment to provide abundant 
geometric information to the SLAM system, thereby significantly 
reducing the influence of degenerate scenarios. The primary sensors 

used in the experiments are shown in Table 2. 
Since the two data acquisition modules operate independently, they 

cannot collect data synchronously, affecting speed measurement accu
racy. We used post-processing to achieve precise time synchronization 
between the front and back magnetometers to address this issue. In each 
module, the magnetometer data and the IMU data were synchronized. 
During post-processing, we indirectly synchronized the magnetometer 
data by aligning the angular velocity waveforms of the front and back 
IMUs. It is worth noting that if the two magnetometers are sampled 
under the same clock, their data can be collected synchronously without 
post-processing. 

In addition, the speed estimation method employed in this study 
relies on the time difference between the front and back magnetometers 
passing through the same position. It is only applicable for speed esti
mation in the dynamic state. Therefore, the experimental evaluation 
focuses solely on the speed estimation accuracy in the dynamic state, 
with the motion state obtained through the IMU. 

4.2. Mag-ODO characteristics Test 

When examining the characteristics of Mag-ODO, we selected a long 
straight corridor as the test scene to assess the Mag-ODO’s performance. 
The test track, measuring about 43 m, is depicted in Fig. 9. To investi
gate the impact of the distance between the two magnetometers, we 
collected magnetometer data at different L values along the same tra
jectory using four data acquisition modules simultaneously. Fig. 10 il
lustrates the installation of the four data acquisition modules. By pairing 
the modules, we obtained the speed measurements of the Mag-ODO at L 
values of 0.1, 0.2, …, and 0.5 m along the same trajectory. 

The test procedure is as follows. The robot was controlled to move 

Fig. 8. Experimental setup used in the study.  

Table 2 
The main sensors in platform.  

Type Key Parameters Purpose 

ICM20602 Gyro Bias is 200 deg/h, ARW is 
0.24 deg/

̅̅̅
h

√
, Acc. Bias is 0.01 m/ 

s2, VRW is 3 m/s/
̅̅̅
h

√

get raw inertial data for state 
judgment, time synchronization 
and DR 

LIS3MDL The output frequency is 200 Hz, 
the range is set to − 8 ~ 8 Gauss 

get raw magnetometer data for 
waveforms matching 

Wheel 
odometer 

The resolution is 500 pulses per 
revolution, and the wheel 
diameter is 7.5 cm 

get wheel odometer data for 
comparing with Mag-ODO 

RPLIDAR 
S1 

The detection range of LiDAR 
reaches 40 m, and the sampling 
frequency is 10 Hz 

provide pose ground truth  
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back and forth three times by a straight trajectory in the corridor, thus 
reducing the impact of turning. Data from the two magnetic data 
acquisition modules and the wheel odometer were recorded during this 
motion. The magnetometer data was processed to obtain the speed of the 
Mag-ODO. To evaluate the accuracy of the Mag-ODO speed estimation, 
we calculate the Root Mean Square Error (RMSE) between the Mag-ODO 
and Wheel-ODO for each test. 

1) Influence of the distance between two magnetometers. 
The relationship between the RMSE (i.e., the error of the Mag-ODO) 

and the distance between the magnetometers is shown in Fig. 11. When 
L is less than 0.4 m, an increase in L leads to an improvement in the 
performance of the Mag-ODO, approaching that of the wheel odometer. 
However, when L exceeds 0.4 m, increasing the distance no longer leads 
to better performance and may even result in slight degradation. 

The principle of the Mag-ODO can explain this phenomenon. 
Assuming a constant speed, an increase in the distance L between the 
front and back magnetometers leads to an increase in the number of 
samples N and, thus, an increase in the resolution of speed, indirectly 
leading to higher accuracy. However, since the robot’s trajectory may 

not be perfectly straight, the matching accuracy of the magnetometer 
data will decrease if L is too large. Therefore, it is necessary to set an 
appropriate distance (i.e., 0.4 m) between the two magnetometers when 
using the Mag-ODO. 

2) Influence of travel distance within a fixed time window. 
The accuracy of the Mag-ODO’s speed estimation is highly depen

dent on the distance traveled by the carrier within a fixed time window. 
However, determining the travel distance is often not feasible in prac
tical applications. To investigate the impact of this factor, we utilize the 
wheel odometer to provide the carrier travel distance. We analyze the 
data from the previous section with L = 0.4 m and set the time window 
length to the time required to travel a fixed distance (given by the wheel 
odometer). We vary the fixed distance from 0.3 m to 4.2 m in increments 
of 0.3 m and record the corresponding RMSE values. The resulting curve 
of RMSE versus the moving distance within a fixed time window is 
shown in Fig. 12. 

As shown in Fig. 12, the accuracy of the Mag-ODO improves and gets 
closer to the wheel odometer as the travel distance in a fixed time 
window increases. It is because the matching algorithm requires se
quences with enough features to match. With a longer travel distance in 
a fixed time window, more features can be used for matching, resulting 
in better-matching results. However, this comes at the cost of increased 
computation time. Therefore, it is recommended to set an appropriate 
time window length to balance accuracy and efficiency. It can be 
observed that the RMSE no longer changes significantly when the travel 
distance reaches around 2 m, and the moving speed in this study is 
approximately 0.6 m/s. Therefore, a time window length of 3 s is rec
ommended for this study. 

From the above analysis, the following conclusions can be drawn: the 
faster the speed of the carrier, the longer the distance traveled by the 
carrier within the same matching window, and the richer the magnetic 
field features. Therefore, the accuracy of Mag-ODO will be higher. 

3) Influence of the complexity of magnetic field features. 
To investigate the influence of the complexity of magnetic field 

features, we conducted tests in three different scenarios: indoor corridor, 
flat rooftop, and outdoor. The indoor corridor had the richest magnetic 
field features, followed by the flat rooftop, and the outdoor environment 
had the sparest features. The speed curves of the Mag-ODO and the 
wheel odometer in these three scenarios are shown in Fig. 13. The Mag- 
ODO performed best in the indoor corridor and worst in the outdoor 
environment. It is because the accuracy of the Mag-ODO is highly 
dependent on the complexity of the magnetic field features. In envi
ronments with rich magnetic field features, the Mag-ODO performs 
better. Therefore, we recommend using the Mag-ODO in environments 

Fig. 9. Experimental environment and test trajectory for the Mag-ODO char
acteristics test. 

Fig. 10. Installation positions of the four data acquisition modules (i.e. mag
netometers and IMU) indicated by numbers 1–4. 

Fig. 11. Errors of the Mag-ODO versus the distance between the two 
magnetometers. 

Fig. 12. Errors of the Mag-ODO versus the travel distance in the match
ing windows. 
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with rich magnetic field features, such as indoor or dense urban areas. 

4.3. Dead reckoning performance Test 

Although the previous tests were performed in a straight-line envi
ronment, it is important to evaluate the performance of the Mag-ODO in 
turn-case scenarios as well. To do this, we conducted two more 
complicated indoor tests, as shown in Fig. 14. Test 1 was set in an indoor 
circular corridor, where the robot moved for three laps. Test 2 was set in 
an indoor 8-shaped corridor, where the robot also moved for three laps. 
The experimental process is as follows. First, we obtained the speed from 
the magnetometer data. Next, we fused the speed and inertial infor
mation using the method described in Section 3. The initial position was 
set to the origin of the local navigation coordination system, and the 
initial heading was aligned with the local navigation coordination 
system. 

The speed estimate curves and positioning results for Test 1 and Test 
2 are shown in Fig. 15 and Fig. 16, respectively. The RMSEs of speed 
measurement for Test 1 and Test 2 are 0.052 m/s and 0.056 m/s, 
respectively. While calculating the positioning error of the entire tra
jectory can demonstrate the performance of the DR system, it is not 
optimal in the presence of trajectory loops. As shown in Fig. 15(c), the 
position error drifts in the opposite direction when the robot turns 
around. Therefore, we adopted the method proposed in [31] to evaluate 

the system’s performance. First, we segmented the trajectory by a 
certain moving distance increment (l), then aligned the position and 
heading at the beginning of each segment and calculated the drift at the 
end. Finally, we computed the mean value (MEAN) and standard devi
ation (STD) of these segmented drift rates to evaluate the positioning 
performance. For this evaluation, we chose l to be 40 m. We calculated 
the maximum (MAX) and RMSE to evaluate the heading error. The error 
statistics of the Mag-ODO/INS and Wheel-ODO/INS are summarized in 
Table 3. 

In both tests, the horizontal position drift rates of the Mag-ODO/INS 

Fig. 13. Speed curves comparison between Mag-ODO and wheel odometer in 
three different scenarios: indoor corridor, rooftop, and outdoor. 

Fig. 14. Experimental environment and trajectories for the DR performance 
test: (a) Test 1; (b) Test 2. 

(a) 

(b) 

(c) 

Fig. 15. The result of Test 1: (a) Speed curves; (b) Estimated trajectories; (c) 
Positioning and heading errors. 
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were lower than 3.5 %, which is the same as the Wheel-ODO/INS. The 
average heading accuracy of the Mag-ODO/INS was improved by 41 % 
compared to the Wheel-ODO/INS. Furthermore, the DR performance of 
Test 2 was better than that of Test 1 due to the increased magnetic 
features caused by the iron railings (i.e., the dots surrounded by the track 
in Test 2). Despite a deviation of approximately 0.06 m/s in RMSE be
tween the speed measurements of the Mag-ODO and Wheel-ODO, the 
DR system based on the Mag-ODO achieved the same positioning per
formance as the Wheel-ODO and better heading accuracy. 

It should be noted that if the magnetic field in the environment is 
fixed and there is no large fluctuating magnetic field, Mag-ODO is also 
applicable to this type of scenario. The test conclusions are also appli
cable to this type of scenario. 

5. Conclusion and future works 

In this study, we propose a motion speed estimation method for in
door robots based on dual magnetometers, named Mag-ODO, to enhance 
the robustness of the positioning system. High-precision speed estimates 
have been achieved using only two magnetometers with simple instal
lation. Besides, the impact of temporary magnetic field gradient re
ductions within the time window has been properly addressed, 
exhibiting improved accuracy. 

The experimental results demonstrate that Mag-ODO yields compa
rable performance to the traditional wheel odometer in environments 
with rich magnetic field features. We also investigate the factors that 
affect the speed estimation accuracy, including the distance between 
front and back magnetometers, travel distance in a fixed time window, 
and the complexity of magnetic field features. Furthermore, we test the 
DR system based on Mag-ODO/INS and find that it performs similar 
accuracy to the traditional Wheel-ODO/INS system in both straight and 
curved environments. 

The proposed method has the potential to enhance the robustness 
and accuracy for indoor robots in complex environments. Nevertheless, 
the current implementation is only for one-dimensional speed estima
tion. More magnetometers can be employed for 3-DOF velocity 
perception. Besides, some means can be used to improve the perfor
mance of the proposed method, such as using deep learning methods to 
implement waveform matching, fusing the proposed method with SLAM 
to improve the positioning accuracy in degradation scenes, and adding 
an adaptive adjustment scheme for the time window length to balance 
the accuracy and efficiency. 
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