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Arbitrary Spatial Trajectory Reconstruction
based on A Single Inertial Sensor
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Abstract— Compared with vision, infrared rays, and ultrasonic po-
sitioning technologies, the signal acquisition of portable inertial
sensors is not affected by the external environment, such as light
and occlusion. Therefore, motion tracking based on inertial signals
is a promising complement. However, accurate trajectory recon-
struction based on inertial sensors is a great challenge due to
the intrinsic and measurement errors, especially the drift error that
exacerbates the accumulative error in trajectory calculation. To
address this challenge, we propose a new trajectory reconstruction
method, Geometric Dynamic Segmental Reconstruction (GDSR),
where we treat the movement trajectory as a combination of basic
trajectories. To this end, we design a temporal and spatial inter-
action segmentation approach to decompose the trajectory into basic segments by combining the dynamic feature of
IMU signals with the spatial morphological feature of motion. Accordingly, we design a geometrical model library with
undetermined parameters to match these segments. For precise parameter prediction, we propose an extra-supervised
learning method that integrates different prediction tasks into one framework, which can not only expand training samples
but also enable different subtasks to compete with each other, thus improving the parameter prediction accuracy of each
subtask, thereby accurately approximating the trajectory segments. To quantify the trajectory reconstruction accuracy,
we propose the Fréchet Spline Sliding Error (FSSE) and Length Error Ratio (LER) to evaluate curve similarity. The range
of FSSE is [0, 2], where 0 means that the two curves have the same shape. The range of LER is [1, +0oc], where 1 means
that the two curves have the same length. We test different IMUs in two experimental scenarios and one public available
data set. In all the three tests, the FSSE of the GDSR method is less than 0.09, and the LER is less than 1.31, which is
significantly better than all the comparison methods.
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[. INTRODUCTION orientation estimation, and there are few attempts at realizing
accurate trajectory reconstruction based on IMUs, especially
single IMU. Albeit this, there are still some significant work,
e.g., in the direction of foot-mounted IMUs [23], pedestrian
dead-reckoning, and wheeled vehicles [24]. For the previous
gait analysis the idea is to split the trajectory computation
stride-by-stride to reset the estimation every 1-2 seconds,
thus mitigating the errors accumulation [25]. However, it
is challenging to reconstruct the irregular arbitrary motion
trajectory that lasts for a longer period of time.

Due to the intrinsic attribution that the inertial navigation
algorithms are extremely sensitive to errors [26], people em-
ploys the optical sensors for motion capturing and trajectory
reconstruction [27]. However, the optical sensor heavily relies
on the camera facilities as well as the light environment when
recording the motion data [28], so the application range of the
optical methods is constrained. Moreover, the optical occlusion
problem is a major defect of this measurement scheme [29]

, ) ) while the inertial sensors do not have such problems. IMU-
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NERTIAL sensors that can measure acceleration and an-

gular velocity data are widely used in navigation [1], [2],
orientation [3]-[5], industrial automation [6], motion state
research [7], human motion [8]-[10] and gait analysis [11]-
[14]. Especially, they have also been applied to sport perfor-
mance assessment [15], [16], telerehabilitation and monitoring
[17], [18], and joint kinematics [19], [20] with successes. The
inertial sensors are usually integrated into the portable devices
as an inertial measurement unit (IMU) for diverse application
scenes. For instances, Zedda et al. [21] and Digo et al. [22]
provide the upper limb joint kinematics estimation in real-
time for both active telerehabilitation purposes and industrial
human monitoring, respectively.

However, although the IMU shows the advantages of small
volume, low cost, and easy embedding in portable products,
the application of IMU in these scenarios is mainly limited to
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The conventional process to estimate the trajectory is based
on IMU orientation estimation by means of a sensor fusion
algorithm. When appropriately tuning the sensor fusion algo-
rithm [31], the motion trajectory can be given after obtaining
the initial conditions [32], [33]. There are some methods which
realize human body motion tracking by utilizing multiple
inertial sensors. Miezal et al. [34] develop a sensor fusion
method for multiple inertial signals, which can handle model
calibration errors for better body tracking. Huang et al. [35]
propose a deep neural network capable of reconstructing
human motion trajectory in real-time from six IMUs worn on
the user’s body. Stanzani et al. [36] treat a concrete motion
as the sequential joint motion. As a result, given the rotation
specifications at each joint, the original motion is finally gen-
erated by multiplying the corresponding radii in turn up to the
last joint [37]. In such a way, the reconstruction of the motion
trajectory is roughly separated into a series of reconstruction
of basic rotations. Obviously, these approach requires sensors
attached on all the necessary joints. This makes it a luxury
to restore the motion trajectory. Meanwhile, this forward
kinematics approach suffers from orientation drift caused by
the integration of the gyroscope offset as documented in [38],
[39]. The impact of the orientation inaccuracies on the joint
angle estimates are discussed in [22]. Hence, it is necessary
to develop a new trajectory reconstruction algorithm based on
a single inertial sensor, which is qualified and also convenient
for the trajectory reconstruction in general.

There are also few studies that achieve trajectory recon-
struction based on a single inertial sensor. Pan et al. [40]
realize the trajectory restoration of an inertial sensor moving
on a horizontal desktop, so the moving process is steady,
thereby greatly reducing the noise during data acquisition.
In addition, this method requires the sensor to be static for
a while after each movement of a small distance so as to
eliminate the accumulative error of the inertial sensor. But
it also destroys the continuity of the motion such that the
reconstruction of general motion trajectory cannot be achieved.
Similarly, Wang et al. [41] achieve segmental reconstruction
of 2D trajectories by integrating an accelerometer and two
gyroscopes in a pen. However, since the pen rarely changes
its height during writing, it is unfeasible for this method to
deal with the arbitrary orbit change, and its application scope
is relatively limited. Furthermore, this method also needs the
regular standstill when collecting the inertial data for a short
while.

With the development of artificial intelligence, there is
a new way to achieve motion tracking based on a single
IMU. Ribeiro et al. [42] present six basic human motion
reconstruction in industrial activities. Each motion trajectory
is simple and repeated, which makes it easy for the machine
learning model to learn the motion characteristics and recover
the trajectory. Obviously, such a task is far from the arbitrary
trajectory reconstruction that we deal with now. To expand
to more action types, Lin et al. [43] employ a deep learning
model to reconstruct 4 types of walking motion (e.g. walking
in a circle or S shape) and 8 types of hand motion (e.g.
stretching out or swiping the arm), of which the former
can be regarded the large-scale basic curve and the latter
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can be regarded as the previous rotation around a bearing.
As a result, their method appears to be not available to
arbitrary trajectory. To realize arbitrary walking trajectory
reconstruction, Chen et al. [44] segment the walking accord-
ing to the gait characteristics and then use a deep learning
model to predict the walking direction and forward distance
between segments, thereby realizing indoor walking trajectory
reconstruction. This method simulates each walking segment
by a line and predicts the angle and length of each line to
reconstruct the whole walking trajectory. With a geometric
model of the line, acceptable results are obtained in their
work, which indicates the feasibility of the segmentation-
reconstruction scheme. However, the current motion segmen-
tation method relies heavily on the regularity of motion and
the static moment during walking [45], which is not applicable
to complicated trajectories. In summary, there are few attempts
at studying arbitrary trajectory reconstruction.

We, therefore, propose a new trajectory reconstruction
method, which can achieve arbitrary trajectory reconstruction
with a single inertial sensor. We design a temporal and spatial
interaction segmentation approach to decompose the trajec-
tory into consecutive segments, which combines the dynamic
feature of IMU signals with the spatial morphological feature
of motion. Meanwhile, a geometric model library is estab-
lished, aiming to match these basic segmented trajectories.
The matching process can be regarded as the classification
of these segments, where the 1D-CNN model implements
this task. After determining the geometric model of each
segmented trajectory, we design an extra-supervised learning
method to solve the problem of high-dimension parameter
estimation based on the small sample (i.e., limited segments),
which predicts the given geometric model parameters so as
to reconstruct the original trajectory segments exactly. Finally,
the trajectory reconstruction is available by the interpolation
of the reconstructed trajectory segments in sequence. It is
worth emphasizing that the optical sensor is only used to
provide labels during training deep learning models in the
segmentation, classification, and prediction tasks. In practical
applications, once the model training is completed, trajectory
reconstruction can be achieved utilizing only IMU.

[I. METHOD

A. Geometric Dynamic Segmental Reconstruction
(GDSR) framework

The schematic diagram of the proposed method is presented
in Fig. 1. Overall the trajectory reconstruction is composed of
the four main subtasks: 1. data segmentation for the purpose of
dividing the trajectory data into multiple segments according
to motion states, 2. motion state recognition for the purpose
of matching these segments with the appropriate model from
the geometric model library, 3. model parameter prediction
for the purpose of estimating the model parameters to make
an accurate approximation of the segmented trajectory and 4.
trajectory reconstruction for the purpose of concatenating the
reconstructed segments and smoothing the joint points. Note
that in order to make necessary labels on the trajectory data
set, optical sensor data is adopted as a reference. The main
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worth of our work is a decomposition reconstruction scheme
based on the adaptive geometric models, in which we propose
a spatiotemporal interactive segmentation method to achieve a
precise approximation of motion segments. This scheme can
realize an accurate trajectory reconstruction of a moving object
by using a single IMU. Furthermore, its configuration ensures
the proposed method shows its effectiveness for various ex-
perimental data and is robust against the sensor calibration
strategy, embedded navigation algorithm, and IMU type.

The first subtask is realized by the segmentation module.
Here, We obtain the rough trajectory from the 6-axis inertial
data and 3-axis magnetic data according to the inertial nav-
igation algorithm, which is implemented as follows. Firstly,
the inertial sensor is calibrated to avoid drift while calculating
the trajectory. Then, we calculate the initial roll and pitch of
the IMU through the 3-axis acceleration, and calculate the
initial yaw of the IMU through the 3-axis magnetic data.
The orientation quaternion differential equation is obtained
from the angular velocity output by the gyroscope. The
quaternion rotation matrix between the IMU coordinate and
the East-North-Up (ENU) coordinate is then calculated from
the orientation quaternion. Through the quaternion rotation
matrix, the 3-axis acceleration under the IMU coordinate is
converted to the ENU coordinate, and the gravity acceleration
is removed to obtain the linear acceleration of the IMU under
the ENU coordinate. The trajectory of IMU is generated by
double integration of the linear acceleration data, which is
usually imprecise or even distorted. However, the distorted
trajectory is helpful for segmentation since we notice that
when the motion patterns switch or the direction of motion
changes, the trajectory undergo a great degree of deformation.
We, therefore, set a multi-resolution window sliding on the
trajectory to find the deformation position as the potential
segmentation points. On the other hand, we train a deep
learning model to search the potential segmentation points
from the 6-axis inertial data. Labels required for training is
manually marked according to optical recording data. Finally,
by fusing the two segmentation point detection results, the
motion process is divided into multiple segments.

Implementation of the second subtask is based on the
motion state recognition module, which decides a geometric
model to match the segmented trajectory. Complicated mo-
tion trajectories can be approximately regarded as specific
combinations of basic trajectories such as straight lines, arcs,
polynomial curves, wavy lines (S-shape curves), etc. We,
therefore, build a corresponding geometric model library that
consists of these basic geometric curves. The matching process
treats the previous segments as the motion state classification,
so we adopt the 1D-CNN model that has been proved to have
a good performance on the human activity recognition (HAR)
problem [46], to identify each segment with the appropriate
geometric model.

The third subtask is based on the geometric parameter
prediction module. Each geometric model contains necessary
parameters, so the parameters of the matched geometric model
are then optimized to fit the segmented trajectory accurately.
However, deep learning models with a number of parameters
are difficult to be fully trained under the small sample, i.e., the
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limited trajectory segments [47], [48]. We, therefore, design an
extra-supervised learning model, which decomposes the high-
dimension parameter prediction task into multiple subtasks.
By separately solving multiple subtasks and integrating their
outputs, the trajectory segments can be accurately restored.
From this, the given geometric model with the determined
parameters gives the reconstructed trajectory segments that
constitute the final trajectory. The last subtask gives the whole
trajectory, which is implemented by the trajectory splicing
module. Given the trajectory segments, it smooths joints
between the sequential segments by interpolation and then
concatenates them to generate the final trajectory reconstruc-
tion.

-
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Fig. 1: The schematics of the GDSR method. The trajec-

tory reconstruction implementation is composed of the four
main modules: data segmentation, geometric model matching,
model parameter prediction and trajectory splicing.

B. Motion segmentation by Time-Spatial Information
Interaction

The motion segmentation is fundamental and critical to
the process of spatial trajectory reconstruction. The imple-
mentation of the subsequent tasks relies on it. We notice
that the 1D-CNN tends to take such extreme points (e.g.,
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peaks or troughs) of the original IMU signal as alternative
segment points. Ideally, the motion segmentation point should
be the extreme point. But there is an obvious delay in IMU
measurement. For example, when the sensor recovers from
fast motion to a static state, it always takes a period for an
IMU signal to return to zero values. When the motion state
changes quickly or dramatically, an IMU, especially a low-
cost IMU, always responds slower than motion changes. We
call this phenomenon a response delay error. Such a factor
affects the motion segmentation. As presented in columns 2-4
of Fig. 2, the segmentation points predicted by the 1D-CNN
model have a gap with the segments given by the optical data.
Hence, it is quite difficult to achieve frame-accurate motion
segmentation only with consideration of the original inertial
signal. We, therefore, propose a feature fusion algorithm for

X axis Y axis Z axis

The actual trajectory
collected by the optical sensor

338883

Rough trajectory reconstruction X axis angular velocit ¥ axis angular velocity Z axis angular velocity

based on the inertial sensor

Fig. 2: The actual trajectory recorded by the optical sensor
(the left top panel) and the trajectory reconstructed by the
inertial data according to the classical trajectory solution
algorithm based on the inertial navigation theory (the left
bottom panel). The trajectory segment identified by the optical
data is represented in the red curve. The waveform of the
6-axis inertial sensor data is displayed in the right columns.
The segmentation points of the 1D-CNN model based on the
inertial data waveform are marked by black dots. The final
segmentation points identified by the collective features of the
inertial waveform and reconstructed trajectory are marked by
the green triangles.

segmentation points, which is illustrated by Fig. 3. The method
consists of two parallel pipelines, including the 1D-CNN for
temporal waveform features and the multi-scale spline sliding
over the previous rough trajectory for spatial morphological
features.

For motion segmentation based on the temporal feature
of the IMU signal, the inertial data in a sliding window is
fed to the 1D-CNN model. Here, we set the window size
to 500 and the step size to 100. When the window slides
through the whole signal, the points are identified as potential
segmentation points by the 1D-CNN, and some of them are
determined as segmentation points many times. If the number
of times determined as the segmentation point is greater than
the threshold, the corresponding point is determined as the
segmentation point.

For motion segmentation based on the spatial feature of
the calculated trajectory, we employ a multi-resolution spline
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Fig. 3: The schematics of the temporal and spatial interaction
segmentation algorithm. An 1D-CNN model is trained to
detect the potential segmentation point based on the original
6-axis inertial signal in a sliding window. Meanwhile, another
possible segmentation points are obtained by detecting the in-
flection point of the trajectory fragment in the sliding window.
The final segmentation point is determined by fusing the two
segmentation results.

Motion Segmentation
Based on Spatial Feature

function sliding on the trajectory to detect the inflection point.
As shown in Fig. 4, an arc spline function with two resolution
scales fits the sliding trajectory. An arc spline can be described
by the coordinates of the starting point, midpoint and endpoint.
Any three points that are not collinear can determine an arc.
Here we select the minor arc, rather than the major arc. The
Fréchet distance is used to measure the fitting level of the
arc spline and its sliding parts, so we obtain a Fréchet-based
curve for the whole trajectory. The arc spline function can
fit smooth trajectory parts well. However, when it slides the
possible motion transformation positions, due to the trajectory
deformation, the Fréchet distance increases abruptly, which
indicates the segmentation points. Adopting multi-resolution
splines makes it qualified for different trajectory curves.
Here we select two resolution lengths, i.e., 100 and 300,
under which we get two Fréchet-based curves. We perform
a weighted summation of the two Fréchet curves and find the
potential segmentation points based on the extreme points.

Eventually, an AND operation is implemented on the two
kinds of segmentation points. That is, if a segmentation point
identified by the 1D-CNN model is close to (or coincides
with) the corresponding segmentation point given by the spline
function, we then take their average position as the final
segmentation point. Otherwise, if the segmentation points
given by two pipelines are far away, we do not adopt these two
points as the segmentation results. Finally, the segmentation
points are consistent with the points we manually mark. In
fact, even if a small number of segmentation points are lost,
the trajectory reconstruction can still be achieved due to the
robustness of the geometric model library. For example, if the
segmentation points between two arcs are not detected, the S-
shape model will be matched with this data segment, so the
trajectory reconstruction can still be completed.
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Fig. 4: The process of a multi-resolution spline function
sliding over a trajectory (the low resolution in the top panels
and the high resolution in the bottom panels).

C. Spatial trajectory simulation by geometric model
library

The segmentation algorithm decomposes a complex motion
trajectory into relatively simple trajectory segments so that we
can use some geometric equations to simulate them separately.
Therefore, we set up a geometric model library to cover basic
motion curves in general. The candidate models equipped
with the necessary parameters can approximate the original
segments accurately. When determining the available geomet-
ric models, we follow the three rules. First, each geometric
model should be simple without too many parameters so
that its parameters can be easily and accurately predicted.
Second, the different geometric models should have significant
morphological differences so that the trajectory segments
can be easily matched with an appropriate geometric model.
Finally, each geometric model can produce rich morphological
variation by virtue of its parameter variations. To sum up,
we establish five geometric models: polyline model, arc (C-
shape) model, polynomial model, hyperbolic model and wave
(S-shape) model, which constitute the geometric model library.

1) The polyline model: The polyline geometric model is
designed to simulate the relatively straight trajectory. If the
straight line equation is directly set as the geometric model,
the subsequent machine learning model tends to predict many
curves as straight lines. Therefore, the polyline model has
more applicability than the straight line model when simulat-
ing real trajectories. The polyline trajectory can be regarded
as a combination of two lines in space, and we can use the
equations of two spatial lines to describe it as follows:

Z N Z
{ Wy (M

ma n2 D2

It contains six parameters: mq, n1, p1, M2, No, and ps. (M1,
n1, p1) and (ms, na, p2) denote the direction vectors of the two
lines in a three-dimension space, respectively. With changes
of the parameters, the polyline geometric model can generate
any morphological change, as shown in Fig. 18. The reason
for designing the polyline model instead of the straight line
model is that a straight line can be simulated when the two
lines constructing a polyline are nearly collinear. Therefore,
compared with the straight line, the polyline model is more
robust to trajectory reconstruction.

© 2023 IEEE, Personal use is permitted, but republication/redistribution requires IEEE permission. See h
niversity. Downloaded on April 18,2023 at 05:15

Authorized licensed use limited to: Shanghai Jiaotong

2) The arc model: The arc geometric model is described
by an elliptic equation, which is designed to simulate the
arc trajectory with the closed form and stable curvature. The
parametric equations of elliptic models are determined by the
axis vector @ = (az,ay,a.), the axis vector b= (ba, by, b.)
and the center point C, i.e. (cg, ¢y, c;) in space. Note that in
practice we set the center point to the coordinate original, i.e.
(0, 0, 0). For any point M (x(t),y(t),z(¢t)) on an ellipse, the
parametric equation can be expressed by:

x(t) Cx cos(t) - a, sin(t) - by
y(t) p =4 ¢, p+q cos(t)-a, p+q sin(t)-b, o,
z(t) s cos(t) - a, sin(t) - b,

2)
where the range of parameter ¢ is [0, 27]. A series of geometric
curves generated by this model are presented in Fig. 19.

3) The polynomial and hyperbolic model: The polynomial
and hyperbolic geometric models are designed to simulate
some arcs with open form and large curvature change, which
cannot be fitted well by the arc model. Therefore, we prepare
the polynomial model: y = ax3+bz?+cx , and the hyperbolic
model: y = ax + g under this scenario, where a, b and ¢ are
the coefficients. Since the hyperbolic function y = ax + g
has two asymptotes, its two ends are similar to straight lines,
which makes it suitable for simulating curves with two ends
close to a straight line. The polynomial function is suitable for
simulating parabolic or truncated parabolic curves in space.
Note that for an object moving in space, it involves the spatial
attitude, including roll angle, pitch angle and heading angle,
which determines the spatial trajectory of the object. For this
reason, Fig. 20 shows the morphological variation of the two
functions with different spatial attitude rotations.

4) The S-shape model: In addition to the previous types
of polylines and arcs, there is another kind of basic motion
curve, which is prevalent but more complex in trajectory
segmentation and reconstruction, S-shape curves (i.e., wavy
curves). Although there are continuous direction changes in
an S-shape curve, the change process is gradual and smooth
such that it will not be divided into local segments by the seg-
mentation module, and is more appropriate to be identified as
a whole. Therefore, we specially set up the S-shape geometric
model. Considering the variety of wavy curves, we design two
different S-shape models which have their own application
scenarios. The closed S-shape model is composed of three
segments, of which the two ends are the arc curves equipped
with parameters of radius and radian, and the middle is a
sigmoid curve for a smooth connection with the two arcs. The
opened S-shape model is composed of two parabolas equipped
with the coefficients and value ranges. The concise S-shape
model is composed of a cubic function equipped with few
coefficients. The morphological changes of the three geometric
models are shown in Fig. 21.

D. Extra-supervised learning for geometric parameter
prediction

For the geometric parameter prediction of three S-shape
model, we propose an extra-supervised learning method, as
shown in Fig. 5. This method integrates different S-shape
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trajectory prediction tasks into one framework. The parameter
prediction of each S-shape geometric model can be regarded as
a subtask of the extra-supervised learning method. Meanwhile,
the method dynamically selects the appropriate S-shape geo-
metric model to reconstruct the given segment, which can not
only expand training samples but also enable different subtasks
to compete with each other, thus improving the parameter
prediction accuracy of each subtask.

Subtask,: smooth
S-shape model
prediction

for subtask,

S-shape model
Segmented 1D-ResNet for prediction
data feature extraction
{ The MLP model

for subtask,

{ The MLP model

prediction

The MLP model
for subtask,

,,,,,,,,,,,,

Fig. 5: The structure of the extra-supervised learning method,
where the three S-shape models are implemented by three sub-
tasks so as to determine the appropriate model by minimization
of the loss objective function.

The data first goes through a deep learning module (here,
we use the 1D-ResNet model) for feature extraction. Then the
extracted features are fed to three subtasks, respectively, each
of which contains one type of S-shape model. The subtask is
implemented by an MLP model to realize parameter prediction
as well as trajectory fitting. The error of parameter prediction
in a subtask is denoted as:

1 N
Losssubtask = ?Z (e — yk)2,

where y and gy, represent the real value and predicted value
of the k-th geometric parameter respectively, and K is the
geometric parameters amount under this subtask.

3)

The task objective impels each S-shape geometric model to
adapt to the certain type of wavy curves but less suits to the
others as the geometric models are suitable to simulate the
trajectories with specific characteristics. Therefore, the extra-
supervised learning method sets an extra supervision item Z; to
measure the matching level of the i-th subtask (i.e., geometric
models) to the target. The label z; of the extra supervision
item Z; is set to the reciprocal of the square logarithm of the
prediction loss Losssyptask, Of the i-th subtask, namely:

1 1

=g log(

Therefore, the extra supervision loss Losscy¢rq 1S as follows:

1 & 9
52(%—7«%) .

=1

“4)

1 2
Towsmmen®) = ~ 3 108(LosSsubtask.”).

®)

LOSSea:t'r'a -

In addition, a regularization item LosSreguiar 1S given by
Equation (7) to further enhance the extra supervision, thereby
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making the suitable geometric model prominent.

n A
DOREA
=1

max{Z2y, 2o, ..

(6)

Loss, egular _ 271} .
That is, as the regularization loss LosS;cguiar decreases,
the ratio of extra supervision items between the matched
and mismatched subtasks will gradually increase and then
the prediction errors of those unmatched subtasks make less
effect on the training propagation process. Therefore, by the
combination of the three loss factors, each subtask emphasizes
the intra-task competence and the extra-supervision model as
a whole maintains the inter-task pertinence.

The final loss function expression of the extra-supervised
learning method is as follows:

n
Loss = « § Losssubtaski + ﬂLOSSemtra + ’VLOSSregulam

i=1

(N
where a, 3, and ~y are the weights of different loss items. By
minimization of the loss function, Losssyptask; Makes each
subtask fit the target trajectory as much as possible, each
subtask learns to find the suitable target by referring to the
extra supervision item Z;, and Lo0SSrcguiar €nsures that the
subtasks are punished moderately when fitting the unmatched
target trajectory such that the subtasks compete with each
other to achieve the most accurate reconstruction of the target
trajectory.

E. Frechet Spline Sliding Error for Trajectory
Morphological Evaluation

Some studies about the applications of IMU for large-scale
motion employ GPS to provide a trajectory reference and
global coordinate system. In these cases, the spatial informa-
tion is important, which is one of the key evaluation indicators.
However, the problem which we are concerned with is the
human motion tracking in a limited space with its applications
to gesture recognition, hand instruction recognition, identity
recognition, etc. In these applications, we focus on capturing
the shape of the trajectory, so the spatial direction of the
trajectory is not important compared with its morphological
features. Therefore, we propose a Fréchet spline sliding error
to measure the morphological errors between the original and
reconstructed trajectories, which are allowed to be within two
different coordinate systems. It is not affected by the difference
of spatial direction and relative position of two trajectories.

Fréchet distance can measure the morphological differences
of different spatial curves. Usually the smaller the Fréchet
distance is, the greater the similarity is. However, different
curves originating from different coordinate systems may
result in large Fréchet distance due to their position or posture
deviation although two curves are similar to each other, as
shown in Fig. 6(a). Since the real trajectory and the IMU
reconstructed trajectory are obtained from their own coordinate
systems, Fréchet distance cannot be directly used to quantify
their similarity. To address this issue, we adopt a line sliding
over the curve to measure the morphological feature of the
given curve, as shown in Fig. 6(b). Specifically, a trajectory
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(a) Fréchet distance for curve similarity

Reconstructed
trajectory

trajectory

Length of trajectories

True

Fréchet-based curves
of reconstructed and

GAE

¢S Lroconstructed ?:Lxmth true traj ectories
max{ L, ..couered» L
Affected by Affected by Affected by M LER FSSE = OFE + GAE
\_relative position  relative attitude  relative size /| min {memmd,L,,.u,h} )

(b) Fréchet-based trajectory similarity

Fig. 6: The process diagram of the Fréchet-based trajectory error. (a) shows that the direct calculation of Fréchet distance
is affected by the relative distance, attitude, and size of the trajectories. (b) shows the calculation process of the proposed
trajectory error index. The green line represents the sliding spline function.

is divided into a fixed number of segments, and the start
point and end point of each segment s() are connected to
obtain a straight line [(), where i is the sliding times. The
Fréchet distance f (s(i),l(i)) between the line [V and the
trajectory segment s(*) is calculated and then normalized
to eliminate the influence of line length L) by d¥ =
w Therefore, when sliding on the whole trajectory
(assuming N times of the total sliding), a Fréchet-based curve
D can be obtained by a series of Fréchet distance d(¥). We
record the Fréchet-based curves of the reconstructed and true
trajectories as D,... = [d&él,d&il,...,d&ﬁ)] and Dy, =
[dgith, difith, . 7d§i\;th]’ respectively. In order to reduce the
influence of the sliding spline scale on the Fréchet-based curve,
we adopt the Min-Max method to normalize the two curves.
The normalization results of D,.. and Dy, are represented
by Dy, and Dy, ., , respectively.

Tec

We then propose the Quadratic Fréchet Error (QFE) and
Global Accumulated Error (GAE) to represent the morpholog-
ical differences between the reconstructed and true trajectories.
QFE is the Fréchet distance of the Dy, . and Dj ., which
mainly reflects the maximum local difference of both curves
and is bounded by [0,1]. GAE is the mean absolute error
of the D;,.. and Dj .., which mainly reflects the overall
accumulated difference between the two trajectories and is also

bounded by [0, 1].

QFE = f(D:ecv ;Skruth)a (8)
1 N

GAE = N Z |D:ec(l) - :ruth(i”' (9)
=1

Finally, we give the Fréchet-based similarity error by com-
bining the QFE and GAE, which is bounded by [0, 2]. The
smaller the value, the more similar the shape of the two space
curves.

FSSE = QFE + GAE. (10)

In addition, to reflect the length difference between two
trajectories, we define the Length Error Ratio (LER). The
smaller LER is, the more similar the reconstructed trajectory
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is in length to the true trajectory. When the two curve length
is consistent, LER=1.

max {Lreconstructed7 Ltruth}

. b
min {Lreconstructedv Ltruth}
where Lycconstructed and Ly ¢p represent geodesic distance

(i.e. the curve length) of the reconstructed and true trajectories,
respectively.

LER =

(1)

I1l. EXPERIMENTS
A. Experimental settings

We invite 10 volunteers (6 young males and 4 young
females) to collect their motion data. The motion is recorded
by an inertial sensor module (Yesense YIS300) and an 8-
camera optical equipment (Nokov Mars2H), respectively.

Our method is implemented with Python based on PyTorch
on a computer with Intel(R) Xeon(R) W-2133 CPU, 64 GB
RAM. The 1D-CNN model in the segmentation task contains
6 convolutional layers and 2 fully connected layers, which is
trained for 100 epochs. The 1D-CNN model in the classifica-
tion task contains 3 convolutional layers and 1 fully-connected
layer, which is trained for 20 epochs. In the geometric model
parameter prediction task, the extra-supervised learning model
employs a 1D-ResNet with 18 convolutional layers as a feature
extractor and three parallel single-layer MLPs as prediction
head, which is trained for 300 epochs.

B. Collection of the trajectory data set

Each volunteer makes a continuous motion at a speed of
0.5-1.5m/s in no more than 3 minutes. The motion process
is simultaneously collected by the inertial sensor and the 8-
camera optical motion capture system. We use Python3.6 to
visualize the motion trajectory collected by the optical system.
We then manually label the segmentation points and the
geometric model category matched by the divided trajectory
fragments by observation of the real optical trajectories. We
randomly select the data of nine volunteers as the training
set, which includes 1210 effective segmentation points and
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1200 trajectories fragments (157 polylines, 198 arcs, 381
polynomial curves, 203 hyperbola curves, and 261 S-shape
curves). The data of the last volunteer is used as test data,
which includes 239 segmentation points and 240 trajectories
fragments (45 polylines, 36 arcs, 59 polynomial curves, 47
hyperbolic curves, and 53 S-shape curves).

The inertial sensor can measure the specific force, which is
the vector difference between the actual body acceleration and
the gravity vector and three-dimension angular velocity data.
The optical facility includes 8 high-speed cameras, which can
synchronously record the moving trajectory from their own
view. When the object attached with the reflective markers
moves within the view field of the cameras. The accuracy
of the stereophotogrammetric system can be even higher than
centimeters, up to submillimeter, as described in [49]. It should
be noted that the layout of reflective balls is asymmetric, which
ensures that the distance between any two balls is different. So
the optical camera system can still record the racket movement
by capturing at least any two balls. The collection of a concrete
object movement is shown in Fig. 7. In order to keep time
alignment, we uniformly adjust the sampling frequency of the
optical and inertial sensors to 200 Hz. Therefore, the data
collection of the two sensors can be synchronized.

Fig. 7: The scene of motion collection within the optical
camera facility (the left panel), and the racket attached with
an inertial sensor and five optical markers (the right panel).

The optical trajectory data provides a convenient way of
making the segmentation and classification labels. If there is
an approximate acute angle in the trajectory (like the angle in
the Fig. 4), the position is marked as the segmentation point.
Further, the geometric type of the trajectory segment between
two segmentation points can be determined by observation.
Since the inertial data is synchronized with the optical data,
we record the start time A,,, the end time B,, and its geometric
type C), of the n-th trajectory segment for the original 6-axis
inertial data. Then we get sequence () which contains a series
of the triple segmentation labels: start point, end point and
classification type:

Q = (A1,B1,C1),(A2,B2,Cy) -+ - (An, By, Cp).  (12)

At the stage of the previous segmentation, we identify the
classification label of each segment, which indicates that the
corresponding geometric model is used to match the seg-
mented curve. Given a geometric model matched by an inertial
data segment, the parameters of the geometric model are still
unknown, so we employ a deep learning model to predict the

© 2023 IEEE, Personal use is permitted, but republication/redistribution requires IEEE permission. See h
niversity. Downloaded on April 18,2023 at 05:15

Authorized licensed use limited to: Shanghai Jiaotong

parameters of the matched geometric model. The training of
the deep learning model requires a training set with the known
parameter labels of the geometric model. Therefore, in order
to obtain the geometric parameter-prediction labels for the
inertial sensor data segment, the synchronized optical sensor
data is used to predetermine the geometric model parameters
as the label reference. The whole process is shown in Fig. 8.

Inertial Sensor Data Segment

Geometric Model
Parameters

—

Training Labels

q Deep Learning Model

ISynchronization

o —»
)
Optical Sensor Data Segment

(Trajectory)

Geometric Model
Parameter Labels

Bi-LSTM Model

Fig. 8: The geometric model parameters for the given inertial
segments are predicted by a deep learning model, which is
trained with the guidance of parameter labels predetermined
by the Bi-LSTM model under the case of optical data segment.

Finally, the Trajectory Reconstruction Dataset (TR-Dataset),
of which each sample data is segmented by labeling the start
point, end point, segment geometric type and each sample
data is also equipped with a group of geometric parameters,
is established for training the models used in trajectory recon-
struction of inertial data. As presented in Fig. 1, the motion
segmentation method, 1D-CNN model and extra-supervised
learning method respectively employ the segmentation labels,
the classification labels, and the parameter labels.

IV. RESULTS
A. Motion segmentation

We first examine the accuracy of motion segmentation. the
segmentation points are classified as 25 categories according
to the types of trajectory segments before and after them. We
input the inertial data to the motion segmentation algorithm
in Section 3.1 and summarize the segmentation results by two
confusion matrices, as shown in Fig. 9, where the rows and
columns of the matrices respectively correspond to the types
of trajectory before and after the segmentation point. Fig. 9(a)
represents the detection accuracy of the algorithm for all the
segmentation positions. For instance, 0.909 in the 2nd row
means that in the test data, when the current segment is an arc
and the next segment is a polyline, the identification accuracy
of such segmentation points is 90.9%.

We then compute the average time error in milliseconds
between the real and predicted segmentation positions, and the
confusion matrix about the deviation in Fig. 9(b) is obtained.
It is found that the algorithm has a high detection accuracy
for the segmentation points in between the polylines and arcs,
and the time error of such segmentation is also small. Since
these two types of curves are significantly different, it is
easy to be identified by the algorithm when the trajectory
changes. The identification accuracy of those segmentation
points belonging to the four categories of polynomial and S-
shape curves is relatively low. Essentially there exists a high
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0.900 0.909 0.889 0.929
1.000 | 0.857 1.000 ~0.800
99.350 109.550 89.500 86.300
79.600 81.300 94.650

73.350 87.000 78.600 117.400

Fig. 9: Confusion matrix obtained from the result of motion
segmentation. The left panel shows the detection accuracy of
the motion segmentation model for different categories of seg-
mentation points; The right panel shows the time error of the
segmentation model for different categories of segmentation
points in the unit of millisecond.

similarity between these curves identified as the polynomial
and S-shape types. It is challenging for the segmentation
method to detect these types of segmentation points. Due
to the manual labeling of segmentation points, obviously
the selection of segmentation points and location labeling is
not unique, so different segmentation appears to be tolerant,
which is feasible for the following segment approximation.
According to the reconstruction results of the segments, the
parameter prediction method exhibits good adaptability to
the variation of trajectory segmentation. In addition, it is
observed that the maximum deviation between our algorithm
and manual labeling is no more than 0.12 seconds, which is
acceptable for the subsequent trajectory reconstruction in this
case study.

B. Classification and segmental reconstruction

After obtaining the segmentation points, each segment is
then matched with a geometric model by the 1D-CNN model.
Among 240 segments in the test set, 235 samples are matched
with the correct geometric model, and the classification accu-
racy reaches 97.9%. Finally, the parameters of the geometric
models are estimated by the trained extra-supervised learning
model. The trajectory reconstruction results based on the four
types of geometric models are presented in Fig. 10, where we
test each geometric model with three different inertial data.
It can be seen that the reconstruction effect of the geometric
model on the trajectory is related to the complexity (number
of parameters) of the geometric model. The polyline model,
which contains six parameters, obtains accurate trajectory
reconstruction. In contrast, the arc, polynomial, and hyperbolic
models are a little complicated with 8, 7, and 7 parameters,
respectively. The corresponding data segment is slightly insuf-
ficient compared with the polyline geometric model but their
reconstruction performance is still good.

We select three S-shape curves with significant differences
from the trajectory fragments to show the reconstruction per-
formance of the extra-supervised learning method, as demon-
strated in Fig. 11. It is found that the fitting performance of
these geometric models is closely related to the characteristics
of the segments, which is highlighted by the matching level
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Fig. 10: The trajectory reconstruction by the four types of
geometric models. The first, second, third and fourth columns
correspond to the results of the polyline model, arc model,
polynomial model and hyperbolic model. In each panel the
blue one is the real trajectory segments and the red one is the
reconstructed curve.

(i.e., the extra supervised item) Z; as an assessment of geomet-
ric model fitting on the target. The largest Z; values indicate
the appropriate geometric model for the input segment as well
as the accurate trajectory reconstruction. Specifically, albeit the
concise S-shape geometric model shows low matching in the
first two reconstruction tasks, it can achieve a precise recon-
struction of the certain curve, like Trajectory3, which also sug-
gests the rationality of this concise S-shape geometric model
and the effectiveness of the extra-supervised learning method.
For the parameter prediction of other geometric models, fewer
subtasks can be deployed in the proposed framework. For
instance, the polynomial geometric model is divided into two
subtasks: the cubic and parabolic models. The polyline, arc,
and hyperbolic geometric models are relatively simple, and the
ideal parameter prediction results can be obtained without task
decomposition under the extra-supervised learning framework.
We note that the extra-supervised learning method supports the
further decomposition of tasks. When the first-level subtasks
are still complex and the deep learning model is difficult to
achieve the desired accuracy, we can decompose them into
the second-level subtasks or even the third-level subtasks with
their own extra supervision items. This process artificially
introduces the prior information about the trajectory types,
thereby making the model adaptive to the diverse trajectory
features.

C. Validation on various experimental scenarios and
sensors

The aforementioned data collection process constructs the
Trajectory Reconstruction Dataset (TR Dataset), which con-
tains 1200 samples for training and 240 samples for testing.
This test data collection process is the same as that of the
training set. We first test the trajectory reconstruction effect on
the TR Dataset. Five spatial trajectories with diverse morpho-
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Trajectoryl

Trajectory2 Trajectory3

Fig. 11: Reconstruction on three wavy trajectories. Each
column shows the reconstruction results of three geometric
models (red curve) for one real trajectory sample (blue curve).
z represents the matching level between the candidate geomet-
ric model and the segment.

logical differences are selected to present the performance of
the method, as shown in Fig. 12. We also project the trajectory
in the coordinate planes of XY, XZ and YZ for a detailed
comparison. It demonstrates that the reconstructed trajectory
has a high similarity with the real trajectory (recorded by the
optical sensor) from different perspectives.

To compare the performance of our method with other
trajectory reconstruction methods, we use the FSSE to quantify
their reconstruction accuracy for the trajectories in Fig. 12.
The baseline method is based on inertial navigation algorithm
as introduced. On the basis of the baseline method, the zero-
velocity compensation (ZVC) method uses the characteristic
of the static state at the motion ending to compensate for
the velocity calculation process, so the cumulative error in
the trajectory calculation can be alleviated partly [50]. The
wavelet transform method can reduce the noise of the IMU
signal for better trajectory [51]. On this basis, Li et al.
[52] perform empirical mode decomposition (EMD) on the
signal and then perform wavelet threshold de-noising on the
decomposed signal. The FSSE and LER between the trajectory
obtained by each method and the real trajectory is given in
Table 1. Obviously, our method has a higher FSSE for each
trajectory, which means that the trajectory reconstructed by our
GDSR method is closer to the real trajectory in morphology.

Furthermore, to test the computational efficiency of our
method, we test the operation time of the four modules
when reconstructing previous the five trajectories, as listed in
Table II. It can be found that for most trajectories, the total
reconstruction time is about 1 second. For the complicated
trajectory like Track4, the extra-supervised learning model
needs to make parameter predictions such that it takes about
1.5 seconds for reconstruction. In fact, although the 1D-CNN
and BiLSTM models consume some time in the training stage,
they are quite efficient in testing.

In addition, we also design another inertial data acquisition
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Fig. 12: The reconstruction results of five arbitrary tracks in
the first column and their projection in the second, third and
fourth columns. In each panel the blue and red curves are the
real trajectory and reconstructed curves, respectively.

TABLE [I: Comparison of various trajectory reconstruction
methods in terms of FSSE and LER for five real trajectories.

Index Methods Trackl | Track2 | Track3 | Track4 | Track5
Inertial navigation | 3.132 | 2.375 | 2.943 | 2.806 | 2.654

x ZNC 1.574 | 1.599 | 1.698 | 1.449 | 1.523
E Wavelet 2.056 | 2.365 | 2.132 | 1.914 | 1.896
EMD+Wavelet | 1.456 | 1.502 | 1.557 | 1.437 | 1.535

Ours (GDSR) 1.221 | 1.053 | 1.018 | 1.200 | 1.075
Inertial navigation | 1.178 | 1.370 | 0.978 | 0.691 | 0.531

m ZNC 0.078 | 0.082 | 0.372 | 0.085 | 0.133
@ Wavelet 0.850 | 0.153 | 0.318 | 0.106 | 0.157
EMD+Wavelet | 0.180 | 0.085 | 0.152 | 0.171 | 0.094

Ours (GDSR) 0.035 | 0.049 | 0.060 | 0.052 | 0.074

experiment and test the trajectory reconstruction effect of our
GDSR method. As presented in Fig. 13, an IMU is attached at
the end of the robot arm. We drag the arm to make an arbitrary
movement for 60 seconds, of which slow, medium, and fast
movements last for 20 seconds, respectively. The mechanical
arm can record its motion and output the reference trajectory.
The reconstruction results for slow, medium, and fast motion
are reported in Fig. 14 and their reconstruction error is given
in Table III.

D. Validation on a public dataset

In order to verify the performance of our GDSR method
in different experimental environments, we employ a pub-
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TABLE II: The operation time in seconds of the four modules
in our method when reconstructing five trajectories.

TABLE Ill: Numerical results of the morphological error and
length error between the reconstructed and real trajectories
based on the robot motion data.

Modules Trackl | Track2 | Track3 | Track4 | TrackS
Motion segmentation | 0.179 | 0.214 | 0.209 | 0.244 | 0.216 Quantitative index Fast | Medium | Slow
Motion recognition | 0.012 | 0.012 | 0.012 | 0.013 | 0.011 Length error (LER) 1.096| 1.052 [1.012
Parameter prediction | 0.847 | 0.859 | 0.821 | 1.316 | 0.431 Morphological error (FSSE) | 0.022| 0.015 |0.047
Trajectory splicing | <0.001 | <0.001 | <0.001 | <0.001 | <0.001
Total 1.038 | 1.085 | 1.042 | 1.573 | 0.658

Fig. 13: The experiment scene of motion collection by a robot
arm (the left panel), and the arm end with an IMU sensor (the
right panel). The IMU is Xsens DOT V2 and the mechanical
arm is ROKAE xMate ER3 Pro.

lic dataset, mimu_optical_sassari_dataset, which provides the
magneto-inertial signals and corresponding trajectory refer-
ence acquired by a stereophotogrammetry system [38]. It is a
comprehensive dataset for motion capture based on inertial and
optical sensors. The dataset has three experimental scenarios:
fast, medium, and slow. For each scenario, we present three
trajectory reconstruction results, as shown in Fig. 15. In
addition to visible results, we also give quantification analysis
in terms of FSSE to measure the morphological error and LER
to measure the length error between the nine reconstructed
trajectories and corresponding real trajectories, as shown in

() o) ©"

Fig. 14: Trajectory reconstruction results for the inertial data
collected from the robot slow speed motion (a), medium speed
motion (b) and fast speed motion (c). In each panel the blue
and red curves are the real trajectory and reconstructed curves,
respectively.
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Fig. 15: Trajectory reconstruction results for the public data
under three experimental scenarios: fast (a), medium (b), and
slow (c). In each panel the blue and red curves are the real
trajectory and reconstructed curves, respectively.

E. Generalizability and sensitivity analysis

1) Analysis of training strategy: Nagarajan et al. [53] prove
that the generalization bound can increase with the dataset
size. Therefore, to increase training samples, we adopt a
training strategy that does not rely on the validation set [54].
In our experiment, the training loss shows the features that
can be used to determine the optimal training epoch. While
the training loss decreases to a low level, it then stabilizes for
some epochs. Then after more training epochs, the training
loss is inclined to fluctuate. Charles et al. [55] prove that
the fluctuation is a manifestation of overfitting and explain
its rationality from the perspective of statistical mechanics.
Therefore, we set the time of switching from the stable state
to fluctuating state in training loss as the optimal training
epoch. The operation is shown in Fig. 16. First, we run with a
number of epochs to get the training loss from underfitting to
overfitting. Due to the low resolution of the curve, we can not
accurately obtain the turning point between the stable state
and the fluctuating state, so the certain interval is enlarged
for a better identification. Finally, the selected epoch (511)
is marked by the red dot in Fig. 16. We also use the early
stopping strategy to train the model, and the resulting epoch
(487) is marked by the blue dot in the figure. It can be found
that the training epoch obtained by our method is very close
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TABLE IV: Numerical results of the morphological error and length error between the reconstructed and real trajectories based

on the public data samples.

Quantitative index Fastl | Fast2 | Fast3 | Medium1 | Medium2 | Medium3 | Slow1 | Slow2 | Slow3
Length error (LER) 1.028 | 1.143 | 1.053 | 1.059 1.017 1.048 1.029 | 1.039 | 1.252
Morphological error (FSSE) | 0.039 | 0.034 | 0.026 | 0.037 0.026 0.059 | 0.060 | 0.037 | 0.061

to that of the early stopping method.

@ Early stopping choice

N Clear boundary

\,
\ -
\ epoch=487 epoch=511

. N,
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\\ -’
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1 -
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0
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Fig. 16: Training epoch selection based on the training loss.
The black curve represents the loss function, and the three
blue curves above are the certain range enlarging for better

method on the uncalibrated inertial sensors, we collect thirty
motion data with three kinds of IMUs (Yesense YIS300,
WITE BWT901CL, Xsens DOT V2) under calibrated and
uncalibrated conditions, respectively. The average trajectory
reconstruction performance is evaluated by LER and FSSE,
as shown in Table V. It can be found that the LER and
FSSE under both conditions are small, thereby indicating the
generalization of our method for different IMUs. In addition,
the difference of numerical results between the two conditions
is slight, which demonstrates the robustness of our method
against IMU calibration condition.

TABLE V: Numerical trajectory reconstruction results of three
IMUs under calibrated and uncalibrated conditions based on
the GDSR method.

identification. The red dot represents the epoch selected by
our strategy. The blue dot represents the epoch selected by
the early stopping strategy.

To verify the effect of different training epochs on the
trajectory reconstruction accuracy, we select six models with
different training epochs (1, 250, 487, 511, 750, 1000) and
test their trajectory reconstruction performance in terms of the
FSSE and LER indexes, as shown in Fig. 17. Since the early
stopping method extracts part of the samples from the training
set as the validation set, the actual training set is smaller than

Index| Condition |Yesense YIS300|Xsens DOT V2|WITE BWT901CL

LER Uncalibrated 1.291 1.229 1.289
Calibrated 1.285 1.221 1.277

FSSE Uncqlibrated 0.067 0.059 0.061
Calibrated 0.062 0.057 0.060

In addition, we test the impact of different embedded
navigation algorithms on the GDSR method, and the nu-
merical results are given in Table VI. Compared with the
most basic inertial navigation (IN) algorithm, other navigation

our method. Therefore, it is found that our choice epoch is
even slightly better than the early stopping choice epoch.

algorithms have been proven to make improvements in motion
estimation, so when embedding them in the GDSR method,
the reconstruction scale error, LER, can be slightly reduced.
However, since these navigation algorithms cannot obtain

ESSE LI accurate motion curves, the shape reconstruction error, FSSE,
ER=3.80 . . .
P FSSE=1.072 is almost unchanged for all the four algorithms embedded into
1.0 3.5
s the GDSR method.
0.2 30 TABLE VI: Trajectory reconstruction results of the GDSR
PO method embedded with four navigation algorithms.
0.6 25
) FSSE=0.532
- Index|GDSR(IN)|GDSR(ZVC)|GDSR(Wavelet) GDSR(EMD+Wavelet)
04 HELET i : LER| 1.098 1.091 1.101 1.084
FSSE=0.101 LER=1.245 LER=1.498
02 (early stopping choice)(early stopping choice) s FSSE| 0.051 0.053 0.051 0.050
; / LER=1.498|
0 FSSE=0.062 (our choice)~™ “~LER=1.132 (our choice) 1
230 500 730 1000

Fig. 17: The trajectory reconstruction effect of models trained
with six training epochs. The red dots represents FSSE of
trajectory reconstruction. The blue dots represents LER of
trajectory reconstruction.

V. DISCUSSION

Our trajectory reconstruction method performs well on mul-
tiple datasets. It has significant value for applications that rely

2) Analysis of embedded navigation algorithm and calibration
strategy: To verify the reconstruction effect of the GDSR

Authorized licensed use limited to: Shanghai Jiaotong
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on motion trajectory morphology. Meanwhile, to measure the
morphological error of the reconstructed curves, we propose a
Fréchet-based similarity error, which can avoid the influence of
spatial position and direction difference between two curves.
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This indicator verifies the feasibility and effectiveness of the
proposed method for diverse datasets.

The visualization and numerical comparison of trajectory
reconstruction show that the proposed method can reconstruct
various real trajectories accurately. Specifically, the FSSE
reveals that the reconstruction accuracy for the complicated
motion trajectory is relatively higher as they usually contain
more direction or spatial changes for potential segmentation.
So the proposed method can find the appropriate segments
and give better segment reconstruction. We also note that the
FSSE results of fast and medium motion are lower compared
with some slow motion according to Table IV. The direction
often changes significantly or frequently under fast motion, so
it is convenient to identify appropriate segmentation points,
thereby leading to better reconstruction performance. Mean-
while, since human motion, especially gesture movement, can
be regarded as complicated motion, our method is competent
for the trajectory reconstruction of human motion.

We examine the trajectory reconstruction time of our
method, including the four embedded modules. According
to Table II, the total reconstruction time of Trackl, Track?2,
Track3, and Track4 is about 1 second. For Track5, the re-
construction can be completed in less than 1 second. Note
that all the times include the data loading time. It indicates
that the proposed method can approximately achieve real-time
trajectory reconstruction. In the future, we intend to optimize
the geometric model parameter estimation and further improve
the trajectory reconstruction efficiency for a shorter time.

VI. CONCLUSION

This paper proposes an inspiring method for an accurate
trajectory reconstruction. On this basis, it has wide applica-
tions in exercise health, human-computer interaction, semantic
recognition, and other fields. Our method can be divided into
four parts: motion segmentation, motion state recognition, geo-
metric parameter prediction, and segmented trajectory splicing.
Among them, motion segmentation and geometric parameter
prediction are two key tasks.

For the task of IMU motion segmentation, we propose a
temporal and spatial fusion segmentation method that com-
bines the dynamic feature of acceleration and angular velocity
in IMU signals with the spatial morphological feature of
motion. The dynamic feature extraction of the IMU signal
is achieved by the data-driven model (1D-CNN). Meanwhile,
the spatial morphological feature extraction is achieved by the
multi-scale spline function and the Fréchet distance. By the
fusion of the two features, the motion segmentation algorithm
has strong adaptability to various trajectory scenarios and wide
applicability to practical cases.

For the task of geometric parameter prediction, the 1D-
CNN can achieve accurate prediction for the general geometric
models such as polyline, arc, and hyperbola. Taking three
kinds of S-shape geometric models into account, we propose
an extra-supervised learning method, which integrates multiple
S-shape model parameter prediction tasks into a deep learning
framework, thereby improving the utilization efficiency of
training samples and the parameter prediction accuracy. The
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experimental results demonstrate that the matched geometric
model can accurately reconstruct the given trajectory frag-
ments.

To quantify the similarity of the reconstructed and original
trajectories, we design the FSSE index with the range of
[0, 2] and the LER index with the range of [1, +oc]. In
the extensive experiments, the FSSE of our method is less
than 0.074, and the LER is less than 1.221, which achieves
the SOTA performance. In addition, we test different IMUs
in two experimental scenarios and one public dataset. The
results demonstrate that the GDSR method presents superiority
for different data collection processes and usage scenarios of
the inertial sensor. We further perform the generalizability
and sensitivity analysis on the GDSR method. Firstly, we
provide an analysis of our training epoch selection strategy.
Benefiting from the non-dependence on the validation data, our
epoch selection strategy obtains stronger generalization than
the early stopping strategy since it allows us more samples
for training. We then test the GDSR method using three types
of IMUs in both calibrated and uncalibrated conditions. The
results demonstrate that our method is independent of the IMU
types and calibration conditions. Finally, we test the influence
of different embedding navigation algorithms on the GDSR
method. The various embedding navigation algorithms do not
affect the trajectory reconstruction accuracy of our GDSR
method.

APPENDIX
VISUALIZATION OF THE GEOMETRIC MODELS

(a) (b)

Fig. 18: Visualization of the polyline model in space. As an
illustration, (a) shows the polyline model scattered in two
fixed planes; (b) shows the polyline model rotating around
two central axis. The color lines represent the morphological
variation with the different parameter configuration.
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