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Abstract—In smartphone inertial measurement unit (IMU)-
based pedestrian dead reckoning, trajectory reconstruction per-
formance is affected by smartphone carrying modes because
sensor signal patterns vary with the user’s carrying posture. In
this paper, we propose a transformer encoder-based trajectory
reconstruction model that estimates walking speed and heading
changes from 9-axis IMU time-series data without manually
selecting sensor axes for each carrying mode. The proposed model
uses a 2 s IMU window as input and predicts walking speed and
heading changes at 0.5 s intervals, which are accumulated to
reconstruct a 2D pedestrian trajectory. The model was trained
using approximately 16 h of IMU data collected in text, swing,
and call carrying modes, and the learning targets were gener-
ated from real-time kinematic receiver speed and true-north-
referenced heading information. Experimental results on nine
test trajectories showed that the proposed model can reconstruct
pedestrian trajectories under different carrying modes using a
single integrated model, indicating the feasibility of smartphone
IMU-based trajectory reconstruction without separate pose-
specific models.

Index Terms—smartphone IMU, pedestrian dead reckoning,
transformer encoder, carrying modes, trajectory reconstruction

I. INTRODUCTION

In smartphone inertial measurement unit (IMU)-based
pedestrian dead reckoning (PDR), trajectory reconstruction
performance is strongly affected by smartphone carrying
modes. Although smartphone accelerometers and gyroscopes
reflect the user’s walking motion, their signal magnitude, pat-
tern, and axis-dependent characteristics vary across carrying
modes such as text, swing, and call, even along the same
walking path [1]. Therefore, a PDR model trained or designed
for a specific carrying mode may not provide stable trajectory
reconstruction performance in practical environments with
different carrying modes.

In practical walking environments, users commonly carry
smartphones in various modes rather than in a single
fixed carrying mode. Conventional PDR methods estimate
movement and directional changes using step detection [2],
Weinberg-based step-length estimation [3], and gyroscope-
or magnetometer-based heading estimation [4], [5]. However,
because the relationship between sensor axes and walking
direction can vary depending on the carrying mode, these
methods may require manual axis selection or calibration
for each carrying mode [1]. Therefore, this study focuses on
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estimating walking speed and heading changes directly from
9-axis IMU time-series inputs without explicitly performing
such axis selection.

In this paper, we train a single PDR model based on the
transformer encoder architecture [6] using smartphone 9-axis
IMU data collected from text, swing, and call carrying modes.
The model estimates walking speed and heading changes from
a 2 s IMU window and reconstructs a two-dimensional pedes-
trian trajectory by accumulating the predicted values. The
trajectory reconstruction performance was evaluated against
the same ground truth (GT) trajectory using absolute trajectory
error (ATE).

II. PROPOSED METHOD

A deep learning regression model based on the transformer
encoder architecture was trained to estimate walking speed
and heading changes from smartphone 9-axis IMU time-
series data. The dataset consists of approximately 16 h of
IMU data collected in the text, swing, and call carrying
modes. These carrying modes were selected to reflect common
smartphone usage conditions during walking, where the sensor
orientation and motion patterns can vary depending on how the
smartphone is held. During data collection, smartphone IMU
data and real-time kinematic (RTK) data were recorded simul-
taneously so that the IMU measurements could be matched
with accurate speed and heading information.

The input features consist of three-axis linear acceleration,
three-axis gyroscope, and three-axis gravity vectors. All sensor
data were resampled to 80 Hz to construct a uniform time-
series input. Each input sample was generated using a 2 s
sliding window, resulting in a 160 x 9 sequence. This window
length was used to include sufficient temporal motion patterns
for estimating walking speed and heading changes.

The learning targets were generated using the speed and
true-north-referenced heading information obtained from the
National Marine Electronics Association (NMEA) Recom-
mended Minimum Specific GNSS Data (RMC) messages of
the RTK receiver [7]. The RTK data were collected at 8 Hz
and aligned with the smartphone IMU data resampled at 80 Hz
based on a common time axis. For each input window, the RTK
speed at the final time step ¢t was used as the speed target, and
the heading difference over the interval from ¢ —0.5 s to ¢ was
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Fig. 1. Overall structure of the proposed smartphone IMU-based PDR system.

used as the heading change target. To reduce the discontinuity
problem that may occur at angular boundaries, the heading
change was converted into sine and cosine components for
training.

The proposed model estimates walking speed and heading
changes in an end-to-end manner from a 2 s 9-axis IMU
input. Specifically, the model is trained to learn IMU time-
series patterns from various carrying modes using a single set
of model parameters, without manually selecting sensor axes
for heading estimation or constructing separate models for the
text, swing, and call carrying modes. This design enables a
single inference pipeline to be used across different carrying
modes.

Fig. 1 shows the overall structure of the proposed smart-
phone IMU-based PDR system. In the proposed framework,
the IMU and RTK data have different roles. The IMU data
are used as the model input after 80 Hz resampling and 2 s
windowing. In contrast, the RTK data are used to generate the
learning targets, as described above. Therefore, the RTK data
provide supervision during training, but they are not used as
input to the model during trajectory reconstruction.

Based on the preprocessed IMU window, the transformer
encoder extracts temporal motion features related to walking
dynamics. The extracted features are then passed to two
regression heads that separately estimate walking speed and

heading changes. Finally, the estimated values are accumulated
at 0.5 s intervals to reconstruct a two-dimensional pedestrian
trajectory.

In the regression stage, the model was trained using the
AdamW optimizer with a learning rate of 0.0001 and a batch
size of 256. The loss function combines mean squared error
(MSE) loss for speed prediction and cosine loss for learning
the direction of heading changes. Since the heading change is
represented as a sine/cosine vector, the angle loss is defined
using cosine similarity as in (1).
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Here, y¢ denotes the sine/cosine vector of the heading change
predicted by the model, yy denotes the GT sine/cosine vector
generated from the RTK heading, and ||| and |yg|| denote
their Euclidean norms.

Ly = (D

III. EXPERIMENTAL RESULTS

To evaluate the performance of the proposed model, test
trajectories collected in three smartphone carrying modes, text,
swing, and call, were used. For each carrying mode, three
test trajectories were collected, resulting in a total of nine test
trajectories for evaluation.

Absolute trajectory error (ATE) was used as the evaluation
metric to measure the average positional error between the
predicted and GT trajectories. ATE is calculated as the mean
Euclidean distance between the GT and predicted positions
over all trajectory points, as defined in (2).

N
ATE = % Z; \/(ng — )2+ W -9 ()
Here, N denotes the number of trajectory points, (xiGT, yZG D)
denotes the i-th GT position, and (&;,y;) denotes the i-th
predicted position.

Table I presents the ATE results for the text, swing, and call
carrying modes. The proposed model reconstructed walking
trajectories in all three carrying modes using a single inte-
grated model without separate pose-specific models. These
results show that a single transformer encoder-based regression
model can estimate walking speed and heading changes across
carrying modes with different IMU signal characteristics.

TABLE I
ATE RESULTS FOR EACH SMARTPHONE CARRYING MODE [M]
Mode Test 1 Test 2 Test 3 Avg.
Text 0.627 0.598 0.923 0.716
Swing 0.582 1.113 1.027 0.907
Call 0.548 0.742 0.460 0.583

In addition to the quantitative evaluation, all nine test
trajectories were visualized in Fig. 2 to examine the trajectory
reconstruction results across the three carrying modes. As
shown in Fig. 2, the predicted trajectories closely followed
the overall shape and movement trend of the GT trajectories
in the text, swing, and call carrying modes.
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IV. CONCLUSION

In this paper, a single PDR model based on the transformer
encoder architecture was trained using smartphone IMU data
collected in the text, swing, and call carrying modes, and the
feasibility of using a single model for trajectory reconstruction
across multiple carrying modes was evaluated. The proposed
model estimates walking speed and heading changes without
manually selecting sensor axes or constructing separate models
for each carrying mode, and reconstructs a two-dimensional
pedestrian trajectory by accumulating the estimated values.
Future work will extend the evaluation to special carrying en-
vironments such as pocket carrying and investigate a trajectory
reconstruction model that is more robust to accumulated errors
and drift in long-distance walking.
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Fig. 2. GT and predicted trajectories for all nine test cases. Rows correspond
to text, swing, and call carrying modes.
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