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Abstract

Train position and velocity are essential for preventing collisions and maintaining ap-
propriate train intervals. This study proposes an onboard train position and velocity
estimation method combining a camera and an accelerometer. In the proposed method,
trackside gradient markers are detected through image recognition and used to correct
the estimated position and compensate for gradient effects in the measured accelera-
tion. This improves the accuracy of both position and velocity estimation. In addition,
divergence in the estimated states is reduced by correcting the position, velocity, and
acceleration during train stops. The proposed method was validated using data col-
lected in field tests on an actual train. The results show that the root mean square error
of the velocity estimation was less than 2 km/h, while that of the position estimation
was approximately 10 m. These findings indicate that the proposed method can es-
timate train position and velocity without additional trackside equipment and can be
applied effectively using data from actual train operations.

Keywords: train localization, velocity estimation, image recognition, inertial mea-
surement unit, gravity compensation, marker detection



1 Introduction

Train position and velocity are essential for preventing train collisions and maintain-
ing appropriate train intervals. Currently, train velocity is primarily measured with a
tachometer generator (TG). These sensors are mounted on axles and estimate veloc-
ity and distance traveled by detecting wheel rotation; however, their accuracy can be
affected by wheel slip and slide [1]. For position detection, commonly used methods
combine TG with absolute positioning sensors, such as balises or track circuits [2].
However, these trackside facilities require substantial maintenance labor and cost.
Therefore, methods for estimating train position and velocity, mainly using onboard
sensors, are needed.

In previous studies, absolute positioning has often been performed using Global
Navigation Satellite System (GNSS) or Light Detection And Ranging (LiDAR), with
an Inertial Measurement Unit (IMU) used to supplement these measurements [3].
However, GNSS is unavailable in tunnel sections, and its accuracy decreases in ur-
ban canyons and forested areas [4]. LiDAR also has limitations in environments with
few distinctive surrounding structures [5] and under adverse weather conditions [6].
In such conditions, velocity and position are mainly estimated by integrating accelera-
tion measurements. However, integration accumulates errors in the estimated velocity
and position, leading to divergence during long-term operation [7]. Therefore, effec-
tive use of IMUs is essential for bridging the gaps between absolute position updates.

When using an IMU, random noise in the acceleration sensor can be partially
smoothed by integration. In contrast, the effect of gravitational acceleration is crit-
ical, making accurate attitude estimation essential. Many studies have investigated
attitude estimation from inertial sensor measurements using methods such as comple-
mentary filters [8] and Kalman filters (KFs) [9]. However, the fundamental instability
of attitude estimation based solely on an IMU remains unresolved. In other words, the
accuracy of gravity compensation decreases over time as long as we use only IMUs
for attitude estimation. Therefore, it is unavoidable to add some positioning sensors
or known attitude information.

In this paper, we validate a method that uses image recognition to simultaneously
address two issues: the influence of gravity on acceleration measurements and the
divergence of position and velocity estimates. While our previous study [10] focused
mainly on velocity estimation, the present paper also examines position estimation. In
addition, we refine the estimation algorithm and validate the method using a larger set
of experimental data.

The outline is as follows: In Section 2, the proposed sensor fusion method is de-
scribed. In Section 3, the experimental results are prsented. In Section 4, conclusions
and future directions are discussed.
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Figure 1: Conceptual overview of the proposed position and velocity estimation
method.

2 Methodology

2.1 Basic concept

This section describes the proposed method for estimating position and velocity by
combining gradient marker detection based on image recognition with acceleration
measurements. As shown in Fig. 1, the train is equipped with a camera for image
recognition and an accelerometer. Velocity is obtained by integrating the measured
acceleration, and position is then obtained by integrating the velocity. Because posi-
tion estimation errors accumulate during these integration processes, position correc-
tion is performed by combining gradient marker detection with a database of gradient
marker positions.

In addition, the acceleration measured in the train’s traveling direction includes
a gravitational component that depends on the gradient of the track. Therefore, the
true acceleration of the train is calculated by retrieving gradient information from a
database that stores the gradient at each position along the route and compensating
for the effect of gravity. This process improves the accuracy of velocity and position
estimation. The overall processing flow is shown in the flowchart in Fig. 2.

2.2 Velocity and position estimation by integrating acceleration

The measured acceleration includes a component related to gravitational acceleration
g, which depends on the track’s gradient. On Earth, a condition in which the measured
acceleration is zero along all three axes corresponds to free fall. In other words, when
an accelerometer is stationary on the ground, it measures an acceleration with the
same magnitude as gravitational acceleration but in the opposite direction to gravity.
To clarify how this affects acceleration measurements in a train, consider a train that is
stopped by braking on a track with an inclination angle of §. The forces acting on the
train in this situation are shown in Fig. 3. For better understanding, we add direction
information x and 2 to a.i, and apyy only in this subsection. The equation of motion
along the slope is given by

m-0= f, —mgsiné, (1)
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Figure 2: The flowchart of the proposed method.

and thus the true acceleration of the train, af,,;,, is zero. However, from the perspec-
tive of the accelerometer mounted on the train body, the train is stationary on the in-
clined track, resisting free fall. Consequently, the accelerometer outputs the measured
acceleration in the longitudinal direction of the train as

Jo
z =2 2
avu m (2)
From the above equation of motion,
é = gsiné. 3)
m

Therefore, the true longitudinal acceleration of the train, af,;,, can be obtained by
subtracting g sin ¢ from the acceleration measured by the accelerometer, ajy;;, as fol-
lows:
afrain = Q%MU -9 sin 0. (4)
After this, af,;, and af;; are denoted as atyain and anyu for simplicity.
If a database contains the track gradient angle # at each position along the route, ¢
can be retrieved based on the current estimated position of the train ,,;,. This allows
arain t0 be calculated. By integrating this corrected acceleration, the train velocity

Vtrain and position Ti,i, can be estimated. Let 75 denote the sampling period of the
sensor. Then, at time step k, Vgyain (k) and x.i, (k) are calculated as

Utrain<k) = vtrain(k - 1) + atrain<k - 1)Ts; (5)

1
xtrain(k) = {Etrain<k - 1) + Utrain(k - 1>Ts + Eatrain(k - 1)T52 (6)
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Figure 3: The effect of gravity on an accelerometer. The left figure is on the level
section, whereas the right figure shows the situation in the slope area. Both
trains are stopping.

It should be noted that detecting whether the train is stopped is relatively straight-
forward. For example, stop conditions can be detected using information such as notch
and brake command signals, door opening and door closing status, or optical flow cal-
culated from camera images. Once the train is detected as stopped, divergence of the
estimated states can be prevented by setting vi.;n = 0. This approach is commonly
referred to as a zero velocity update (ZUPT) and is widely used in motion estimation
research [11]. In addition, because trains repeatedly run on the same track, position
correction can also be performed easily while the train is stopped at a station. By us-
ing highly accurate position information x,,, obtained from other sensors or systems
and setting Zyain = Ttruth, divergence of the position estimation can be prevented.
This study also adopts these approaches.

2.3 Gradient marker detection by image recognition

The loop in which velocity and position are calculated by integrating acceleration, and
in which the gradient angle 6 is retrieved from the database based on the estimated po-
sition and used for acceleration compensation, is inherently unstable. As positioning
errors accumulate during long distance operation, the accuracy of the estimated po-
sition decreases. Consequently, the retrieved gradient value may become inaccurate,
degrading gravity compensation for acceleration and causing errors in velocity and
position estimation to increase rapidly.

To prevent divergence in the estimation process, it is important to periodically ob-
tain highly accurate position information. In particular, accurately detecting locations
where the track gradient changes improves gravity compensation. Therefore, in the
proposed method, position correction is performed by detecting gradient markers in-



Figure 4: Typical shape and placement of gradient marker in Japan.

stalled at gradient change points using image recognition. In Japanese railways, plac-
ing markers where the track gradient changes is required by ministerial ordinance [12].
As shown in Fig. 4, this gradient marker has a uniform shape. This means the pro-
posed method requires no additional trackside equipment compared with current rail-
way operations. This basic concept has already been presented [10]. In this paper,
to further improve the practical value of the proposed method, tracking across multi-
ple frames is adopted rather than single frame image recognition. In addition, sensor
position offsets are considered to improve estimation accuracy.

In image recognition, tracking refers to the process of following the same object
across multiple frames. Because a unique ID is assigned to each tracked object, the
object can be considered the same structure as long as its ID remains unchanged. In
the proposed method, when a gradient sign with an assigned tracking ID disappears
from the image after satisfying specific conditions, the train is judged to have passed
the position of the gradient sign. These conditions include the detection duration, the
confidence score, the position of the detected object in the image at the time of disap-
pearance, and the consistency between the current estimated position and the gradient
marker position. The following paragraphs describe the criteria for each condition and
its purpose.

First, the detection duration and the average confidence score are checked to see
whether they exceed the thresholds 7}, and Py, respectively. Detection results with
a short duration or a low confidence score are likely to be false detections and should
therefore not be used. 73, and P, are experimentally decided. In general, these
thresholds depend on the image recognition model’s performance and the visibility
around the markers.

Next, the position in the image at the time of disappearance is considered. Because
gradient signs are installed beside the track, the gradient sign should be located near
either the left or right edge of the image in the last frame in which it is detected.
Therefore, the detection result is accepted when the left or right edge of the bounding
box is located within the left side or right side region of the image width, as defined
by the threshold Ay,. The detection is accepted when wiery < AW Or Wyigny >
(1 — Agn)W, where W is the image width, weg is the left coordinate of the bounding
box, and wyign 1s that of right side. The concept of this process is illustrated in Fig. 5.
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Figure 5: Checking the marker positions in the image at the last frame of marker de-
tection.

Apparently, Ay, should not contain track and sleeper regions. Ay, also depends on the
field of view of a camera.

Finally, the consistency between the current estimated position and the gradient
marker position is verified. The current train position xy.,;, at the time when the
gradient sign is detected is compared with the nearest gradient marker position Zarier
retrieved from the database. If the difference between these two positions is within the
threshold Xy, the estimated position is corrected by overwriting it as

Ttrain = Tmarker — O X dcarn- (7)

Note that o is the orientation of the train run, and d.,,, is the longitudinal offset be-
tween the camera and the accelerometer. When the train is running in the outbound
direction, o = 1. If the train is running in the inbound direction, 0 = —1. Xy, is related
to the accumulated error of integration and the distance between a gradient marker and
another one. Through the above sequence of processes, image recognition results can
be used to estimate position while reducing the influence of false detections.

3 Experimental validation

3.1 Experimental setup

This section validates the proposed method using data measured on an actual railway
vehicle equipped with cameras and an accelerometer. The vehicle consists of three
cars, and the sensor arrangement is shown in Fig. 6. A camera is installed on each
leading car, while the accelerometer is installed on only one. The accelerometer’s
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Figure 6: The sensor installations on the railway vehicles in the experiment.

position is defined as the train’s reference position. GNSS and wheel encoder data
are also acquired as ground truth data for position and velocity. Using this setup, the
experiment was conducted on a local railway line in Japan. The total length of the
line is about 9.6 km, and we conducted two test runs in each direction. This means
four measurements are performed to evaluate the accuracy of the position and velocity
estimates. Hereafter, the four runs are referred to as test runs 1, 2, 3, and 4 in the order
in which they were conducted.

There are 54 gradient markers along the route for each one-way run. On average,
this corresponds to approximately one marker every 180 m. The maximum inter-
val between adjacent gradient markers is approximately 560 m. Therefore, if image
recognition is performed correctly, the train position can be corrected at intervals of
at most approximately 560 m. The thresholds used to evaluate the image recognition
results are set as follows:

T =05s, PFPn=07 Ayn=03, Xy =>50m. (8)

3.2 Gradient marker detection using image recognition

The image recognition model was developed using video recorded along the same
experimental route during runs conducted separately from the data acquisition runs
used for validation. The dataset created from this video contained approximately
7000 images of gradient markers, and the image recognition model was trained us-
ing YOLOVS [13].

The results of gradient marker detection using this model are shown in Table 1.
Here, TP denotes a gradient marker that was correctly detected and used for position

Table 1: The result of gradient marker detection.

Test run ‘ TP FP FN ‘ Precision Recall

1 43 0 11 1.00 0.796
2 49 1 5 0.980 0.907
3 49 0 5 1.00 0.907
4 35 0 19 1.00 0.648
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Figure 7: The reflection in the camera image during test run 4.

correction, FP denotes a detection event that did not correspond to a distinct gradient
marker, and FN denotes a gradient marker that was not used for position correction.
Except for test run 4, approximately 80% to 90% of the gradient markers were suc-
cessfully used to correct positions. In contrast, the recall decreased substantially only
in test run 4; therefore, this result was examined in detail. The detection results from
test run 4 showed that multiple tracking IDs were frequently assigned to the same gra-
dient marker, thereby shortening the detection duration. In addition, as shown in Fig.
7, light reflection was observed in the image region where gradient markers appeared,
and the video data were less clear than those obtained in the other test runs. Although
the decreased recall in test run 4 did not cause a severe degradation of position estima-
tion, this result indicates that the robustness of the image recognition model and sensor
setups under adverse lighting conditions remains an important issue for future work.
Rather, it could be addressed by improving the sensor installation method or by further
training the image recognition model. Furthermore, even when some gradient markers
are missed, the gradient angle 6 is continuously retrieved from the database based on
the current estimated position. Therefore, estimation accuracy can be maintained over
relatively long distances.

There is one false positive case in test run 2. This is because one gradient marker
has two tracking IDs. This is not a dangerous case because there are only a few meters
of positional error in a few seconds.

3.3 Position and velocity estimation by the proposed method

First, the velocity estimation results obtained using the proposed method are dis-
cussed. For quantitative evaluation, the RMSE of the velocity for each test run is
shown in Table 2. Since ZUPT is adopted, the evaluation is conducted only during
periods when the train is running. In each test run, the velocity estimation error is
approximately 1 ~ 2 km/h. This indicates the proposed method provides practically
useful velocity estimates.

To examine the estimation behavior during actual operation in detail, the velocity
estimation result and the corresponding velocity error for test run 2 are shown in the
top and middle figures of Fig. 8. The light blue vertical dotted lines indicate the times
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Figure 8: The velocity and position estimation results during test run 2. The top figure
shows estimated velocity, the middle one shows estimated velocity error,
and the bottom one shows estimated position error.

at which gradient markers were detected by image recognition, whereas the black
vertical dotted lines indicate the times at which the gradient information was updated
because the estimated current position, x.in, passed the installation position of a
gradient marker. The results show that the proposed method, indicated by the yellow
line, achieves higher estimation accuracy than the case without image recognition
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Table 2: RMSEs of velocity estimation.

Test run ‘ IMU w/o comp. ‘ IMU w/ comp. (prop.)

1 11.7 km/h 1.49 km/h
2 13.2 km/h 1.18 km/h
3 12.7 km/h 1.57 km/h
4 10.3 km/h 1.28 km/h

Table 3: RMSE:s of position estimation.

Test run ‘ IMU w/o comp. ‘ IMU w/ comp. (prop.)

1 151 m 6.94 m
2 202 m 9.63 m
3 190 m 10.3 m
4 125 m 120 m

based position and gradient corrections. In addition, setting the velocity to zero while
the train is stopped effectively suppresses divergence of the velocity estimate.

Next, the position estimation results obtained using the proposed method are dis-
cussed. As in the velocity evaluation, the RMSE of the position for each test run is
shown in Table 3. The results show that the position error in each test run is signifi-
cantly reduced by the proposed method.

To examine the estimation behavior in detail, the position estimation error for test
run 2 is shown in the bottom figure of Fig. 8. As in the velocity plots, the light
blue vertical dotted lines indicate the times at which gradient markers were detected
by image recognition, whereas the black vertical dotted lines indicate the times at
which the gradient information was updated because the estimated current position,
Zirain, Passed the installation position of a gradient marker. The results show that the
position is corrected when a gradient marker is detected by image recognition, thereby
preventing divergence of the estimate. In addition, when gradient compensation is not
applied, the estimation error diverges more rapidly than with the proposed method.
These results demonstrate that both gradient compensation and position correction in
the proposed method are effective for position estimation.

4 Conclusions

In this study, we refined an approach that uses an accelerometer and a camera to esti-
mate train position and velocity, and validated its accuracy using data obtained from
actual train tests. The proposed method achieved a velocity estimation accuracy of ap-
proximately 1 ~ 2 km/h. For position estimation, which requires double integration
of the measured acceleration, the proposed method achieved an average accuracy of
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approximately 10 m. These results demonstrate the feasibility of the proposed method
under actual railway conditions.

However, estimation accuracy is partially maintained by correcting velocity and
position while the train is stopped. Therefore, estimation accuracy may decrease when
the train runs for a long period without stopping. Possible solutions for correcting
position and velocity during operation include using GNSS only in open sky areas
and installing balises. These issues remain topics for future work.
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