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Abstract

An evidence-weighted multi-rate inertial fusion method is proposed for load displace-
ment reconstruction in high-vibration industrial transportation scenarios, where inertial
displacement reconstruction is readily affected by acceleration bias, attitude error, vibration
disturbance, and false zero-velocity decisions. Multi-rate inertial data and high-bandwidth
vibration/impact observations are used. The main inertial channel is used for motion-
dynamics modeling, low-frequency inertial and attitude information is used to constrain
the trajectory trend, and high-bandwidth vibration and impact responses are converted
into motion-veto evidence so that unreliable stationary decisions under high-vibration
conditions can be weakened. A Dempster-Shafer-style evidence fusion model is adopted
to estimate motion, stationary, and unknown confidence, and the stationary confidence
is propagated to ZUPT gating, covariance weighting, multi-branch displacement fusion,
and keyframe factor-graph optimization. The experimental results show that stable load
displacement reconstruction can be achieved by the proposed method, while interpretable
diagnostic information, including displacement, velocity, stationary probability, ZUPT
triggering, residuals, and drift risk, is also output. A diagnosable and auditable framework
for inertial displacement reconstruction is therefore provided for high-vibration industrial
scenarios where external references are difficult to deploy.

Keywords: displacement reconstruction; inertial sensor; multi-rate fusion; zero-velocity
update; Dempster—Shafer evidence; factor graph

MSC: 94A12

1. Introduction

Smart manufacturing, robotic load handling, and condition-aware maintenance driven
by digital twins are driving the transformation of industrial systems from offline monitoring
to real-time or quasi-real-time status updates [1-5]. In such scenarios, the displacement
trajectories of loads, fixtures, or moving parts not only describe geometric motion, but
also serve for path verification, transport repeatability assessment, anomaly detection,
and maintenance decisions. Existing displacement measurements often rely on external
reference tools, such as optical motion capture, laser displacement meters, encoders, vision
systems, or vision-acceleration fusion. The occlusion, limited space, lighting changes,
metal structure interference, and strong mechanical vibration in industrial sites make it
difficult to deploy these external benchmarks stably in the long term. Inertial sensors are
self-contained, miniaturized, and easy to install, and they are suitable for installation on
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moving loads; however, the displacement needs to be obtained by double integration of
acceleration, and small offsets, attitude errors, gravity leakage, synchronization errors, and
vibration interference will be rapidly amplified [6-10]. The issue that this study focuses
on is thus formed: under industrial transportation conditions with multiple sampling
rates, strong vibrations, and limited independent external measurements, how to convert
observations in different frequency bands into three types of credible evidence, namely
motion, stationary, and unknown, and transfer this uncertainty to the ZUPT, covariance
weighting, and factor-graph displacement reconstruction processes.

Inertial displacement reconstruction is mainly limited by two types of factors. First,
the inertial sensor directly measures acceleration and angular velocity. Displacement is
obtained by double integration of acceleration; therefore, accelerometer bias, attitude errors,
and gravity leakage accumulate rapidly in the reconstructed trajectory. Second, the effec-
tiveness of ZUPT depends on whether the stationary detection is reliable. During industrial
load transportation, low-speed rigid body motion, mechanical shaking, continuous vibra-
tion, and local impact may occur alternately. It is difficult for a single acceleration threshold
to stably distinguish motion from rest. If the moving segment is misjudged as stationary,
the incorrect zero-velocity constraint will suppress the actual velocity; if the stationary
segment is missed, double-integral drift will continue to accumulate. A more appropriate
treatment is to describe stationary states as quantities of evidence with uncertainty. For
industrial loads, this uncertainty comes both from low-frequency inertial changes and from
the violation of the zero-velocity assumption by vibration and shock [11-15].

Multi-rate data in industrial load displacement reconstruction have different informa-
tion roles. The main inertial channel provides motion-dynamic information with higher
time resolution, but it is susceptible to high-frequency noise and integral drift in strong-
vibration environments; the low-frequency inertial and attitude channels help provide
trajectory trends, attitude assistance, and stationary segment stability; the high-bandwidth
vibration channels mainly represent continuous mechanical disturbances and local struc-
tural vibrations; and the high-bandwidth impact channels are more sensitive to short-term
impacts, collisions, or sudden disturbances. High-bandwidth vibration and shock observa-
tions mainly describe local dynamic responses and cannot directly represent rigid body
translational displacements. If double-integrated directly, local vibration and impact can
easily be misinterpreted as low-frequency displacement drift. This study therefore converts
vibration and impact information into motion-veto evidence: when high-frequency vibra-
tion or impact activity is significant, the stationary confidence at the current time is reduced;
when high-frequency activity is weak, it only indicates the lack of obvious motion-veto
evidence, and the unknown confidence level is still retained. In this way, multi-rate data are
transformed from simple signal superposition to evidence collaboration oriented to uncer-
tainty management. Dempster—Shafer evidence theory can describe uncertainty, conflicting
evidence, and epistemic uncertainty in multi-source information, and it has been used in
multi-source information fusion, fault diagnosis, and risk assessment [16-21]. Manifold
pre-integration provides a strict model for inertial keyframe propagation [22]; Meanwhile,
iSAM2 /Bayes-tree methods and factor-graph optimization frameworks have become rela-
tively mature back-end optimization tools in robot perception, visual-inertial odometry,
and multi-sensor navigation [23-25]. These methods provide a methodological basis for
integrating low-frequency trajectory priors, inertial dynamic constraints, and zero-velocity
constraints into the keyframe smoothing model used in this study. Factor-graph-based
fusion has subsequently been extended to GPS/VIO integration, UWB/IMU cooperative
localization, and robust radar—inertial odometry [26-28], while adaptive multi-sensor and
multi-inertial fusion strategies have also been investigated for heterogeneous and dynami-
cally varying environments [29,30]. Against this background, the present study focuses
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specifically on the unified propagation of vibration-informed stationary-state uncertainty
throughout industrial load displacement reconstruction.

To address the uncertainty in stationary-state identification, the heterogeneous infor-
mation roles of multi-rate observations, and the difficulty of deploying external reference
systems during high-vibration industrial load transportation, an evidence-weighted multi-
rate inertial displacement reconstruction framework is developed. The methodological
contribution lies in the scenario-oriented integration of heterogeneous multi-rate obser-
vations and the consistent propagation of stationary-state uncertainty throughout the
reconstruction process. Unlike conventional pipelines that treat stationary detection as
an independent binary preprocessing step, the proposed framework represents motion,
stationary, and unknown states as continuous evidence masses and propagates the resulting
confidence through ZUPT activation, covariance adaptation, multi-branch displacement
fusion, and keyframe factor-graph optimization. The main contributions are as follows:
(1) a role-aware evidence model is constructed for multi-rate inertial, vibration, and im-
pact observations, in which high-frequency vibration and impact information serves as
motion-veto evidence rather than being directly integrated for displacement, thereby re-
ducing the risk of false zero-velocity constraints under high-frequency disturbances; (2) a
unified confidence-propagation mechanism is developed, allowing stationary confidence to
continuously regulate ZUPT activation and covariance and to be further incorporated into
displacement fusion and factor-graph optimization; (3) an adaptive displacement fusion
strategy based on branch consistency, residual roughness, and stationary-interval drift
is developed to balance high-dynamic responsiveness and low-frequency stability; and
(4) a diagnosable evaluation framework is established for industrial environments with
limited external references, providing displacement, velocity, ZUPT activation, residual,
and reliability outputs for result interpretation and subsequent digital-twin applications.

2. Methods
2.1. Multi-Rate Observation Framework and Signal Preprocessing

A composite sensor package was installed on the industrial load to acquire multi-rate
inertial measurements and high-bandwidth vibration and impact signals. The sensor pack-
age contains main inertial acceleration channel, low-frequency inertial/attitude channel,
vibration-monitoring channel, and shock-monitoring channel. The main inertial channel
provides motion-dynamic information with higher time resolution; the low-frequency
inertial/attitude channel provides attitude reference and low-frequency trajectory trends;
the vibration-monitoring channel reflects continuous mechanical disturbances and local
structural vibrations; and the impact-monitoring channel captures short-term collisions, im-
pacts, or sudden disturbances. Since different channels have different sampling frequencies
and physical meanings, each channel was assigned a specific role according to its band-
width and physical meaning. The main inertial channel participates in dynamic constraints,
the low-frequency branch provides trajectory soft prior, and the high-bandwidth channel
provides motion-veto evidence [31-33].

In the experimental system, the four types of observations are provided by the 1 kHz
main inertial channel, the 200 Hz low-frequency inertial/attitude channel, the 30 kHz
vibration-monitoring channel, and the 50 kHz impact-monitoring channel. The main
inertial branch refers to the processing path driven by the 1 kHz acceleration measurements.
This branch provides navigation-frame acceleration for inertial state propagation and the
dynamic constraints in the factor graph. All channels are acquired by the same composite
sensor package and unified to a 1 ms master timeline in offline processing. Let the main
timeline be

b= %o fo = 1000 Hz (1)
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where i is the sampling sequence number of the main timeline. For channels with different
sampling rates, low-sampling rate inertia/attitude information is mapped to the main
time axis through interpolation, and high-sampling rate vibration and impact signals are
aggregated at the block level according to the main time axis window. This not only ensures
that subsequent evidence calculations and factor-graph optimization are performed under
a unified time base, but also avoids direct resampling of high-bandwidth vibration and
impact signals for displacement double integration.

For any sensing channel, s, the original observation is first calibrated through scale,
bias, and axial-direction correction:

as(t) = DsSs(a™ () — bs) (2)
where at" (t) is the original acceleration observation, bs is the offset term, S; is the scale
correction matrix, and D; is the axial sign and installation direction correction matrix. The
initial offset, bs, of each acceleration axis was estimated as the median of the samples
identified as stationary and was subtracted before filtering, coordinate transformation,
and inertial reconstruction. The median estimator was selected to reduce the influence
of vibration peaks and transient disturbances. For the main inertial acceleration channel,
the calibrated body coordinate system acceleration is further converted to the navigation
coordinate system using low-frequency attitude information, and the gravity term is
deducted:

a"(t) = Ryp(t)ay(t) — g" 3)

where R,; () represents the rotation matrix from the body coordinate system to the naviga-
tion coordinate system, and g" is the gravity vector in the navigation coordinate system.
The resulting a” (t) serves as the primary dynamic input for subsequent inertial propagation
constraints and keyframe factor-graph optimization.

The low-frequency inertial /attitude channel is also used to construct the low-frequency
trajectory prior. This branch is filtered, attitude-compensated, and zero-velocity-corrected
to obtain a low-frequency displacement estimate, which is then mapped to the 1 ms main
time axis through linear interpolation, keeping time consistent with the main inertial
channel and back-end keyframe status. The corresponding velocity prior is obtained by
differencing the interpolated low-frequency displacement sequence. The low-frequency
displacements and velocities here are only used as soft priors in the back-end factor graph,
and the weights are adjusted by indicators such as branch consistency, residual roughness,
and stationary segment drift.

For vibration-monitoring and impact-monitoring channels, this study does not per-
form displacement integration. High-bandwidth responses mainly reflect local vibrations,
structural disturbances, and transient impacts, and are valuable for judging whether the
zero-velocity assumption is reliable; there is no direct equivalent relationship between them
and the translational displacement of the load rigid body. Direct double integration of
such signals can easily misinterpret the local high-frequency response as low-frequency
displacement drift. This study extracts activity features such as RMS, peak, and band en-
ergy according to the main timeline window and converts them into motion-veto evidence
for subsequent motion, stationary, and unknown confidence estimation.

After the above preprocessing, this study obtains three types of inputs on the uni-
fied main timeline: navigation system main acceleration, a" (t;); low-frequency displace-
ment/velocity prior, po(t;), vo(t;); and high-bandwidth activity characteristics generated
by vibration and shock channels. Subsequent methods will estimate the confidence of three
types of states, namely motion, stationary, and uncertain, on this basis and further transfer
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the uncertainty of the stationary state to ZUPT gating, multi-branch displacement fusion,
and keyframe factor-graph reconstruction.

2.2. High-Frequency-Driven Motion-Veto Evidence Modeling

During the transportation of high-vibration industrial loads, the reliability of ZUPT
depends both on whether the low-frequency acceleration or angular velocity is close to
the stationary state, and is also affected by sustained vibration, local structural distur-
bances, and transient impacts. If a binary stationary determination is made based only
on low-frequency inertial signals, ZUPT may be triggered incorrectly when the load still
exhibits significant vibration or impact response, thus suppressing the actual velocity
and introducing displacement deviations. This study transforms vibration-monitoring
channels and shock-monitoring channels into motion-veto evidence to weaken unreliable
stationary judgments.

For high-bandwidth channels, #, this study divides them into several short time
windows according to the main timeline. Assuming that the k-th window is B}k, then
the RMS activity intensity and peak activity intensity within the window are respectively
defined as follows [34]:

1 ~ a2 k ~ .
U\ TBur] Y 1@ (D)lz, ey = maxies, 1 ()]l @
hk| ieBy

where a,(i) is the calibrated high-bandwidth acceleration observation, and By, is the
number of samples in the window. The RMS feature mainly reflects the sustained vibration
energy in the window, whereas the peak feature is more sensitive to transient impacts and
sudden disturbances. In practice, the two features can be weighted to obtain a composite
high-frequency activity score [34]:

en(t) = pefi® + (1 — p)eb 5)

where p € [0,1] is the weighting coefficient. To reduce the influence of amplitude-scale
variation among different tests, installation states, and load conditions, robust within-record
statistics are used to normalize the activity score [35]:

_ enk — Qosolen)
Qo.90(en) — Qo.10(en) + €norm

zu(t) 6)
where Qos0(-), Qooo(-), and Qo 10(-) denote the median, the 90th percentile, and the 10th
percentile, respectively, and enorm is a stabilization term used to prevent the denominator
from becoming too small. The normalized zj,(t) represents the high-frequency activity
intensity of the current window relative to the background level of the record.

This study uses three types of states, namely motion, stationary, and unknown, to
describe the evidence distribution at each moment. The three types of states are recorded
as M, S, and U, where M represents movement, S represents stationary, and U represents
unknown or insufficient evidence. For vibration and shock channels, high-frequency
activity enhances the evidence of motion, but weaker high-frequency activity does not
directly prove that the load is at rest. Therefore, high-bandwidth channels only provide
moving and unknown masses, not strong stationary masses [36,37]:

_ M
M) = e (D) — )] @

my(S,t) =0, my(U,t) =1 —my(M,t) (8)

https:/ /doi.org/10.3390/math14152779


https://doi.org/10.3390/math14152779

Mathematics 2026, 14, 2779

6 of 20

where my, (M, t), my(S,t), and my(U,t) are the evidence masses assigned by the high-
bandwidth channel to the motion, stationary, and unknown states, respectively; 1, is the
high-frequency activity threshold; xj, is the mapping slope; and #;, is the upper bound of
the high-frequency motion evidence mass.

The low-frequency inertial channel provides both motion evidence and stationary
evidence. Let the low-frequency activity score be z;. It can be mapped to low-frequency
evidence masses as follows [37]:

1

ML) =1 exp[—xpm(z(t) — Tm)] ©)
1

S =1y explks(z(t) — Ts)] (10

ml(U, t) =1- m,(M, f) — ml(S, t) (11)

where m;(M,t), m;(S,t), and m;(U, t) denote the motion, stationary, and unknown evi-
dence masses provided by the low-frequency inertial channel, respectively. The tolerances
in Equations (7)—-(10) are determined from robust statistics calculated independently for
each measurement record. Specifically, the median and selected percentiles of the activity
indicators are used to reduce sensitivity to transient outliers and variations in background
noise. The percentile settings and mapping parameters are selected through preliminary
sensitivity analysis and are subsequently kept fixed during displacement reconstruction.
If negative values occur in Equation (11), the three evidence masses are non-negatively
truncated and normalized so that their sum is one.

Multi-source evidence is fused by using a Dempster-Shafer-style combination
rule [16-21]. For two evidence sources, their combined result is

Ypnc—ami(B,t)my(C,t)

mlz(A, t) = 1_ K(t) (12)
where A, B,C € {M, S, U}, and the conflict term, K(t), is defined as
K(t)= Y., mi(B,t)ma(C,t) (13)

BNC=g

By sequentially fusing the low-frequency inertial evidence, vibration evidence, and
impact evidence, the motion confidence, Py, (t); stationary confidence, Ps(t); and unknown
confidence, P,(t), can be obtained at each sample on the main time axis. Here, Py,(t)
characterizes the possibility of motion or high-frequency disturbance at the current time,
Ps(t) characterizes the credibility that a zero-velocity constraint is suitable, and P, (t)
characterizes insufficient evidence or multi-source conflict.

In order to pass the evidence results to the subsequent ZUPT and factor-graph recon-
struction, this study further constructs continuous stationary confidence [38]:

75(t) = clip{P,(1)[1 — Pu(B)][1 — Pu(£)],0,1}. (14)

Equation (14) shows that the stationary confidence is high only when the stationary
evidence is strong, the motion evidence is weak, and the unknown degree is low. When
vibration or impact activity is significant, Py, (t) increases and 775(t) decreases accordingly.
When multi-source evidence is conflicting or insufficient, P, () increases, and the stationary
confidence is also weakened.
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2.3. Confidence-Weighted ZUPT and Multi-Branch Displacement Priors

In inertial displacement reconstruction, ZUPT is an important constraint to suppress
double-integral drift. Traditional ZUPT is usually based on fixed threshold stationary
detection: when a certain moment is determined to be stationary, a pseudo-measurement
of zero-velocity is directly applied. However, during the transportation of high-vibration
industrial loads, the stationary state has obvious uncertainties: low-frequency inertial
signals may appear smooth, but high-frequency vibration or shock may still indicate that
the load is not suitable for imposing strong zero-velocity constraints. Therefore, this study
does not use a single binary stationary label as the basis for ZUPT triggering; instead, it
uses the continuous stationary confidence obtained in the previous section to adjust the
activation strength and covariance weight of ZUPT.

For the navigation-frame velocity, v(t), the ZUPT pseudo-measurement can be written
as

Zzupt(t> =0 (15)

The corresponding residual is
Tzupt(t) = 0(t) — Zzupt(t) = v(t) (16)

In order to avoid imposing strong constraints on motion or uncertainty intervals, this
study adaptively adjusts the ZUPT covariance according to the stationary confidence:

Ry

Rzupt(t) = m

(17)
where Ry is the basic zero-velocity covariance, and € is a stabilization term used to prevent
the denominator from becoming too small. When 7t5(t) is high, strong stationary evidence
is available at the current time, the ZUPT covariance is reduced, and the zero-velocity
constraint is strengthened. When motion confidence, unknown confidence, or multi-source
conflict is high, 75 (t) is reduced, the ZUPT covariance is increased, and the zero-velocity
constraint is weakened. In practice, a candidate stationary threshold, Tupt, can be further
set so that ZUPT is enabled only in the candidate interval of 7ts(t) > Tzupt, While the
constraint strength is still determined by the continuous weight.

In the front-end reconstruction, the low-frequency inertial /attitude branch is used to
generate soft priors for displacement and velocity. After filtering, attitude compensation,
zero-velocity correction, and drift suppression, a low-frequency displacement sequence,
p200(t), is obtained by this branch. Because the back-end reconstruction is performed on
the 1 ms main time axis, the low-frequency displacement sequence is interpolated onto the
main time axis to obtain po(#). The corresponding velocity prior is obtained by differencing
po(t) and is denoted as vy (t). po(t) and vy(t) only represent the trajectory trend provided
by the low-frequency branch and are used as soft priors in the subsequent factor graph.

Meanwhile, the main inertial channel provides the navigation-frame acceleration,
a"(t), which is used to describe motion dynamics with higher temporal resolution. Com-
pared with the low-frequency displacement prior, the main inertial acceleration can pre-
serve richer transient motion information, but direct double integration is susceptible to
bias and vibration disturbance. Therefore, a complementary strategy is adopted: the low-
frequency branch provides a relatively stable trajectory scale and slowly varying trend, the
main inertial channel provides dynamic propagation constraints, and the high-bandwidth
vibration/impact channels affect the ZUPT strength through stationary confidence.

To prevent the low-frequency displacement prior from excessively dominating the
back-end optimization under local abnormalities, its reliability is adjusted according to
branch consistency, residual roughness, and stationary-segment drift. Let py(t) be the
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auxiliary displacement estimate obtained from the main inertial branch through basic
integration and drift suppression. The branch difference in the g-th direction can then be
expressed as

dp(t) = [Pog(t) — pirg(t) (18)

where g € {x,y,z}. The roughness of the low-frequency trajectory in a local window can
be characterized by the second-order difference:

Pq(t) =| PO,q(t +At) — 2P0,q(t) + PO,q(t —At) | (19)

In addition, within platform intervals with high stationary confidence, if the low-
frequency displacement still changes significantly, a stationary-segment drift risk is indi-
cated for this branch. The stationary-segment drift index is denoted as (5;tat(t). Considering
the above factors, the direction-dependent standard deviation of the low-frequency position
prior can be written as

Tpg(t) = 0p0 + cadg(t) + cppq(t) + cs63 7 () + cuPul(t) (20)

where 0,9 is the basic position-prior standard deviation, and cg4, ¢, ¢s, and ¢, are the
weighting coefficients for branch difference, trajectory roughness, stationary-segment drift,
and unknown confidence, respectively. Equation (20) indicates that when the low-frequency
displacement differs greatly from the main inertial branch, the local trajectory is not smooth,
drift still exists in the stationary segment, or the unknown confidence is high, the position-
prior standard deviation in this direction is increased and the corresponding constraint
weight is reduced.

Similarly, the standard deviation of the velocity prior can be adjusted according to the
low-frequency velocity stability and stationary confidence [39]:

Ooq(t) = 000 + cv|vo,q(t)’(1 —715(1)) + 5Py (1) (21)

where 0, is the basic velocity-prior standard deviation, and ¢, and ¢!, are adjustment
coefficients. c, controls the covariance inflation caused by instability in the low-frequency
velocity prior, while ¢f, controls the inflation caused by decreasing stationary confidence.
In high-confidence stationary intervals, the velocity prior and ZUPT jointly constrain the
velocity to be close to zero. In motion or unknown intervals, the velocity-prior weight is
reduced to avoid incorrect suppression of true motion.

After the above processing, three types of information are provided by the front end
for back-end reconstruction: first, low-frequency position and velocity soft priors, po(t) and
vo(t); second, the main acceleration in the navigation frame, 4" (t); and third, the continuous
stationary confidence, 77;(f), obtained from motion, stationary, and unknown evidence.
Here, po(t) and vy(t) are used to constrain the low-frequency trend of the trajectory, a” (t)
is used to establish dynamic consistency between adjacent keyframes, and 715(t) is used to
adjust the strength of ZUPT and stationary-related factors.

2.4. Evidence-Weighted Keyframe Factor-Graph Reconstruction

After the front-end obtains the low-frequency position/velocity soft prior, the main
acceleration of the navigation system, and the continuous stationary confidence, this sec-
tion further constructs a keyframe factor graph to jointly smooth the load displacement,
velocity, and acceleration offset. Different from direct point-by-point double integration of
acceleration, factor graphs can integrate low-frequency trajectory priors, inertial dynamic
consistency, zero-velocity constraints, and bias-smoothing constraints in a unified optimiza-
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tion framework, thereby reducing the impact of local noise, acceleration bias, and false
triggering of zero-velocity updates on the final displacement.

Assume that K keyframes are selected on the main time axis and that the keyframe
times are f;. The corresponding state is defined as

= [pl,of b0] k=12, K (22)

where py is the keyframe position, vy is the keyframe velocity, and b, is the acceleration
bias. The keyframe state is required to remain close to the low-frequency trajectory trend
provided by the front end and to satisfy the adjacent-frame dynamic constraints provided
by the main inertial acceleration.

The low-frequency branch provides soft priors for position and velocity. Let the low-
frequency position and velocity priors at the k-th keyframe be p ; and v, respectively.
The corresponding residuals are

Tok = Pk — Pok (23)
Vg,k = Uk — Vpk (24)

Here, pj and v are the soft priors generated by the low-frequency branch. Their
covariance is jointly adjusted by branch consistency, trajectory roughness, stationary-
segment drift, and unknown confidence, as described in the previous section. When the
low-frequency prior is stable and consistent with the main inertial branch, higher weights
are assigned to the position and velocity priors. When the branch difference is large or the
unknown confidence is high, the corresponding constraint weight is reduced.

Dynamic propagation constraints are established between adjacent keyframes by the
main inertial acceleration. Let the interval between adjacent keyframes be

Aty = tyq — ti (25)

and let the mean main acceleration in the navigation frame over this interval be a;.
Over a short time interval, the position and velocity propagation relationships can be
approximated as

1,_
Pt = pi+ Okt + o (@ — bo i) AtE (26)
Uk+1 = +0r + (EI}Z — bu,k)Atk (27)

The corresponding position and velocity dynamic residuals are
dyn _ T 2
"ok = Pk+1 = Pk — vkAt — E(ak — by i) Bty (28)

d _
rv,}llcn = Uk41 — Uk — (az - bu,k>Atk (29)

Equations (28) and (29) belong to weak dynamic consistency factors for low-speed
industrial load transportation. This factor is used to constrain the keyframe displacement,
velocity, and main inertial acceleration to be consistent in a low-frequency sense. For
scenarios with strong angular vibrations, rapid attitude changes, or significant non-rigid
body shaking, attitude errors may be converted into equivalent acceleration biases through
gravity leakage, thereby affecting velocity and displacement estimates. This study jointly
suppresses such errors through low-frequency trajectory soft prior, evidence-weighted
ZUPT, stationary segment position constraints, and acceleration bias estimation.

The temporal evolution of the acceleration-bias state is modeled as a Gaussian random-
walk process:

baj+1 = bag+Wpk,  Wpi ~ N(0,Qpx) (30)
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The corresponding bias-increment residual incorporated into the factor-graph objec-
tive is
"ok = Daj1 — Dok (31)
Here, b, , denotes the three-axis acceleration-bias state at keyframe, k; Q = UgAtkI3
is the covariance matrix of the inter-keyframe bias increment; ¢, denotes the corresponding
acceleration-bias random-walk standard deviation; and At; denotes the time interval
between keyframes k and k + 1. This factor penalizes unlikely abrupt bias changes while
allowing the bias to evolve gradually over time. The bias state is jointly estimated with
position and velocity in the factor-graph optimization.
For keyframes with high stationary confidence, an evidence-weighted ZUPT factor is

introduced. Let the continuous stationary confidence at the k-th keyframe be 715 = 715(ty).
The ZUPT weight is then defined as follows:

wy = clip (75 k) Wmin, Wmax) (32)
The corresponding zero-velocity residual is as follows [39]:

vV Wk
Tzuptk = ——— Uk (33)

Oy
where 0y is the basic velocity-constraint standard deviation. Unlike fixed-strength ZUPT,
Equation (32) allows the zero-velocity constraint strength to vary continuously with sta-
tionary confidence. When vibration or impact evidence is enhanced, 7, ; decreases and
the ZUPT weight is reduced. When low-frequency inertial evidence and high-frequency
motion-veto evidence jointly support stationarity, the ZUPT weight is increased, so velocity
drift in stationary segments can be more effectively suppressed.

To reduce displacement overshoot caused by residual velocity in platform-motion—
platform transition segments, a weak main-direction kinematic constraint is introduced.
Motion segments are first extracted from low-stationary-confidence intervals, and the main
displacement direction of the r-th segment is estimated from the low-frequency trajectory
prior as

__ po(ty) = po()) “
[po(t}) = po(t) |, + € (34)

where #! and t! denote the start and end times of the motion segment, respectively. For

r

a keyframe, t; € M,, the velocity component along the estimated main direction is first
projected, and only its negative component is converted into a soft reverse-velocity penalty:

o) = max(0, —d, vy), t € M, (35)

This constraint suppresses only obvious reverse velocity along the estimated transport
direction; it does not impose monotonicity on each coordinate axis and does not force
any motion segment to reach a preset displacement. Therefore, it is a weak kinematic
consistency term rather than a semantic stage prior.

rev
vr,k

Omono

(36)

"monok =

where omono denotes the velocity-scale standard deviation of the reverse-velocity soft
constraint, which controls the penalty strength of the monotonic consistency factor. For
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continuous platform segments with high stationary reliability, the stationary segment
position locking residual is further introduced:
Pi+1 — Pk
Mockk = ;s Tl k > Tocks TTs k+1 > Tock (37)
Olock
This item is used to suppress the phenomenon of “velocity close to zero but dis-
placement slowly drifting” in the stationary section. Different from the endpoint clo-
sure constraint, Equation (37) only constrains the positions of adjacent keyframes in-
side the stationary platform to be consistent, and it does not use external references or
theoretical trajectories.
Based on the above factors, the complete keyframe factor-graph optimization objective
is formulated as ) )
mind |7y plls -1 + X lirgylls
()% . pk Zp,k T vc,lk ok
2 yn 2
+L 7 5 +Ellre Iy
FPE Epam TR g

38
+ %

2
2

2
Q;I} + kEZS Hrzupt,k

2
2

2
+ X Hrmono,k 2 + ||rlock,k
keM keP

Equation (38) defines the complete factor-graph optimization objective by combining
all the residual terms described above. Minimizing this objective yields the joint estimates
of keyframe position, velocity, and acceleration bias, from which the final displacement
trajectory is reconstructed, where X, and X denote the covariance matrices of the
position and velocity soft priors, respectively, and vary according to branch consistency,
trajectory roughness, stationary-segment drift, and unknown confidence; and }_,, 4, and
Yv,dyn denote the covariance matrices of the position and velocity dynamic-propagation
residuals, respectively. The matrix, Qy , is the covariance of the inter-keyframe acceleration-
bias increment defined in Equation (30); and S, M, and P denote the set of high-confidence
stationary keyframes, the set of motion-segment keyframes, and the set of stationary-
platform keyframes, respectively.

3. Experimental and Analysis

In order to verify the effectiveness of the proposed evidence-weighted multi-rate
inertial fusion method in industrial load transportation scenarios, this study conducted an
offline reconstruction experiment around a cylindrical load. The experiment focuses on
investigating the effects of multi-rate inertial observations, vibration/impact motion-veto
evidence, confidence-weighted ZUPT, and keyframe factor-graph smoothing on three-axis
displacement reconstruction.

The experimental object is a cylindrical load, and the sensor assembly is rigidly in-
stalled inside the cylindrical load to synchronously collect the inertia, vibration, and impact
response during load transportation. The experimental system employed a composite
sensor package rigidly installed inside the cylindrical payload. Before data acquisition, the
payload was maintained stationary during the built-in initialization and zero-calibration
procedure. The package integrated four functional sensing channels: a 1 kHz main triax-
ial acceleration channel, a 200 Hz inertial /attitude channel, a 30 kHz triaxial vibration-
monitoring channel, and a 50 kHz triaxial impact-monitoring channel. Their principal
measurement specifications and functional roles in the proposed reconstruction framework
are summarized in Table 1. The 1 kHz channel provides dynamic acceleration information
with higher time resolution, the 200 Hz channel provides low-frequency trend and attitude
assistance, the 30 kHz channel mainly reflects continuous vibration information, and the
50 kHz channel mainly captures transient impact information. The 30 kHz and 50 kHz
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channels do not participate in the double integration of displacement and are only used as
evidence to refute vibration/shock-driven motion to assist in judging whether the current
zero-velocity assumption is reliable.

Table 1. Multi-rate sensing channels and their functions.

Channel

Measured Quantity

and Range Sampling Rate Resolution/Accuracy Main Function

Triaxial acceleration,

12 bit: +1% High-time-resolution

Main inertial channel 1kHz . . . dynamic acceleration
+5¢g amplitude linearity . . .
information is provided
Triaxial angular rate,
Low-frequency attitude angle and Dynamic roll o/ pitch Lo.w—freque?ncy trends,
. . . body-frame accuracy: 0.1° RMS;  attitude assistance, and
inertial /attitude . 200 Hz . : . .
auxiliary channel acceleration; heading accuracy: displacement priors are
accelerometer £16 g, 0.5° RMS provided
gyroscope £2000°/s
Continuous vibration
Vibration- Triaxial vibration 30 kHz 12 bit; +1% activity is characterized
monitoring channel acceleration, £10 g amplitude linearity =~ and used in motion-veto
evidence modeling
Transient impacts are
Impact-monitoring Triaxial impact 50 kHz 12 bit; £1% captured and used in
channel acceleration, £100 g amplitude linearity motion-veto evidence
modeling

The sensor assembly was rigidly fixed inside the cylindrical load, and its orientation
relative to the load remained unchanged throughout the experiment. However, the initial
horizontal sensor axes could not be guaranteed to coincide with the actual horizontal motion
directions. Therefore, two independent motion intervals along mutually perpendicular
horizontal directions were used to establish a fixed horizontal coordinate system for result
presentation and evaluation. The same fixed coordinate transformation was applied to all
evaluated methods.

During the experiment, the cylindrical load underwent multiple repeated transport
stages with motion and platform-holding intervals, and the total recording time was ap-
proximately 125 s. The raw signals collected during the experiment are shown in Figure 1.
In offline processing, all data are uniformly mapped to the 1 ms main time axis: the 200 Hz
low-frequency channel is aligned to the main time axis through interpolation, and the
high-frequency vibration and shock channels are used to extract activity features through
short-window aggregation. Subsequently, the algorithm successively completed signal
calibration, navigation system acceleration construction, motion-stationary—unknown
evidence estimation, confidence-weighted ZUPT, multi-branch displacement prior con-
struction, and keyframe factor-graph reconstruction. The final displacement reconstruction
results are presented in Figure 2.

Figure 1 presents the raw multi-rate observations before displacement reconstruction.
The low-frequency angular velocity and acceleration channels show intermittent motion
intervals separated by long quasi-stationary platforms, whereas the 30 kHz vibration and
50 kHz impact channels exhibit dense high-bandwidth fluctuations during transport and
transition periods; this difference supports using high-bandwidth signals as motion-veto
evidence rather than direct displacement inputs.

The cylindrical load was transported by a transfer tooling system according to a
factory-defined operating procedure. The complete operation consisted of a sequence of
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prescribed transport and holding operations. For each operation, the motion direction,
target displacement, operating velocity, and holding state were specified by the transfer
tooling system. These predefined operating parameters were used to construct the reference
trajectory shown in Figure 2. The reference trajectory was used exclusively for offline
accuracy evaluation and was not introduced into stationary detection, inertial integration,
evidence fusion, or factor-graph optimization. The shaded regions in Figure 2 denote the
ZUPT intervals, during which the three-dimensional zero-velocity factors were activated.
Figure 2 compares the reconstructed displacement with the reference trajectory in the X,
Y, and Z directions. The reconstructed curves generally follow the staged displacement
changes and platform-holding periods in all three coordinate directions, indicating that the
proposed method recovers the overall three-axis displacement evolution of the load.
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Figure 1. Raw signals collected by the sensor. (a) 200 Hz angular velocity; (b) 200 Hz angular
acceleration; (c) 200 Hz acceleration; (d) 1 kHz acceleration; (e) 30 kHz vibration acceleration;

(f) 50 kHz impact acceleration.
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Figure 2. Displacement reconstruction results. The shaded regions indicate the ZUPT intervals,
during which the three-dimensional zero-velocity constraint is activated. (a) Displacement in the
x-direction; (b) Displacement in the y-direction; (c) Displacement in the z-direction.

3.1. Comparison of Displacement Reconstruction Results

To evaluate the proposed method against representative recent inertial displacement
reconstruction approaches under controlled and reproducible conditions, two literature-
informed baseline pipelines were implemented for comparison. All three methods used
the same sensor records, calibrated inputs, master time base, and output-coordinate trans-
formation; only their fusion and constraint strategies were different. Baseline 1 represents
the multi-rate filtering and weighted-fusion route commonly used in recent multi-sensor
and multi-inertial fusion studies [6,10,29,30]. It exploits the complementary character-
istics of inertial branches with different sampling rates to reconstruct the displacement
trend, but it does not introduce vibration/impact-based motion-veto evidence or factor-
graph smoothing. Baseline 2 combines adaptive stationary detection, ZUPT, and keyframe
factor-graph smoothing, representing the adaptive ZUPT-FGO route used for inertial drift
suppression [11-15,22-28]. However, it does not use high-frequency vibration and impact
observations to evaluate the reliability of stationary decisions. These baselines were selected
from recent methodological routes that can operate under the same inertial sensing con-
figuration. Approaches requiring additional external positioning sensors or task-specific
training data were not included, because they would change the sensing conditions and
prevent a controlled comparison. The reference trajectory was used only for quantitative
evaluation and was not introduced into any reconstruction method. This controlled com-
parison enables the effects of motion-veto evidence and continuous stationary-confidence
propagation to be evaluated without introducing differences in sensor configuration, input
data, or coordinate definition.

Figure 3 compares the reconstructed displacements of the three methods along the
three navigation axes. All methods reproduce the main stage-wise variation in the load
displacement, but differences remain in reconstruction accuracy and trajectory shape. Base-
line 1 recovers the approximate displacement trend through multi-rate inertial fusion,
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but noticeable drift, transient reversal, and amplitude deviation remain during holding
and motion-transition intervals. Baseline 2 improves trajectory continuity and suppresses
part of the holding-interval drift by introducing ZUPT and factor-graph smoothing. Nev-
ertheless, because the reliability of stationary detection is not adjusted using vibration
and impact observations, false zero-velocity constraints and local trajectory distortion
may still occur during high-vibration intervals. In comparison, the proposed method is
generally closer to the reference trajectory along the three axes and better preserves the
displacement increments, holding plateaus, and motion-transition characteristics. These
results demonstrate the contribution of vibration/impact-based motion-veto evidence and
continuous confidence propagation to ZUPT weighting, displacement fusion, and keyframe
factor-graph optimization.
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Figure 3. Comparison of displacement reconstruction results of different methods in the three coordi-
nate directions. (a) Comparison of x-directional displacement reconstruction results; (b) Comparison
of y-directional displacement reconstruction results; (¢) Comparison of z-directional displacement
reconstruction results.

In order to quantitatively evaluate the reconstruction accuracy of the three methods,
this study uses RMSE in the three directions of X, Y, and Z and 3D RMSE as evaluation
indicators. Among them, the single-axis RMSE is used to reflect the average reconstruction
deviation in each coordinate direction, and the 3D RMSE is used to comprehensively
evaluate the consistency between the entire three-dimensional trajectory and the reference
displacement. Table 2 gives the quantitative comparison results of the three methods.
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Table 2. Quantitative comparison of different baseline.
Method XRMSE Y RMSE Z RMSE 3D RMSE
Baseline 1 1.281 1.362 0.442 1.921
Baseline 2 0.478 1.085 0.325 1.229
Proposed algorithm 0.274 0.522 0.280 0.652

As shown in Table 2, the proposed method achieves the lowest RMSE values in all
three coordinate directions and in the 3D RMSE. Its 3D RMSE is 0.652 m, which is lower
than 1.921 m for Baseline 1 and 1.229 m for Baseline 2, corresponding to reductions of
approximately 66.1% and 46.9%, respectively. In the X, Y, and Z directions, the RMSE values
of the proposed method are 0.274 m, 0.522 m, and 0.280 m, respectively, all lower than those
of the two comparison methods. This demonstrates that the proposed method improves
not only single-axis reconstruction accuracy but also the consistency of the overall three-
dimensional displacement trajectory. The error of Baseline 1 mainly comes from integral
drift and platform-segment offsets. Although Baseline 2 reduces part of the drift through
ZUPT and graph optimization, its stationary-reliability judgment in high-vibration intervals
remains insufficient, so the overall error is still higher than that of the proposed method.

Figure 3 and Table 2 further show that the proposed method outperforms the two com-
parison baseline in both three-dimensional trajectory consistency and single-axis reconstruc-
tion accuracy. Its improvement mainly comes from three aspects: first, the vibration/shock
motion-veto evidence reduces the risk of falsely triggering ZUPT in high-vibration in-
tervals; second, the confidence-weighted ZUPT can adjust the zero-velocity constraint
strength according to the stationary confidence to avoid over-suppressing uncertain motion
segments as stationary; finally, the keyframe factor graph puts the low-frequency trajectory
prior, main inertial dynamic constraints, and bias-smoothing constraints into a unified
optimization framework, improving trajectory continuity and platform stability. The above
results show that the proposed method can obtain more stable three-axis displacement
reconstruction results in cylindrical load transport experiments.

3.2. Parameter Sensitivity Analysis

To evaluate the influence of the main parameters on displacement reconstruction, a
one-at-a-time sensitivity analysis was performed around the nominal configuration. Five
representative fixed parameters were selected: the stabilization term, ¢; the basic zero-
velocity covariance, Ry; the candidate stationary threshold, T upt; the basic position-prior
noise density, 0p,0; and the acceleration-bias random-walk noise density, 0j,. Their nominal
values were 0.03, 0.30, 1.6 x 10~%, 0.385, and 0.40, respectively. The nominal configuration
was selected through preliminary bounded parameter calibration and was subsequently
fixed for the sensitivity analysis.

Each parameter was independently varied to 60%, 80%, 100%, 120%, and 140% of its
nominal value, while the remaining parameters were kept unchanged. Because the five pa-
rameter groups shared the same nominal configuration, a total of 21 distinct reconstruction
configurations were evaluated. The horizontal axis in Figure 4 is the normalized parameter
value, 6/6, where 6y denotes the nominal value.

As shown in Figure 4, the nominal configuration produced X-, Y-, Z-, and three-
dimensional RMSE values of 0.2741, 0.5217, 0.2798, and 0.6524 m, respectively. Within the
investigated range, the maximum relative changes in three-dimensional RMSE caused by
€, Ro, 0,0, and o, were 0.416%, 1.721%, 1.036%, and 0.305%, respectively. The unchanged
result for T,ypt indicates that the same candidate stationary intervals were retained through-
out the tested range. The Z-direction RMSE remained nearly unchanged, whereas the
main variations occurred in the horizontal reconstruction. The nominal configuration was
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located at or close to the lower envelope of the three-dimensional RMSE curves. Although
Ro = 1.4Rq produced a numerically lower RMSE than the nominal value, the difference
was only approximately 5.9 x 10~® m and was negligible. These results indicate that mod-
erate perturbations of the selected parameters do not materially affect the reconstruction
accuracy in the present experiment.
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Figure 4. One-at-a-time sensitivity of displacement reconstruction RMSE to the normalized pa-
rameter value. ¢, stabilization term in the confidence-adaptive ZUPT covariance; T,upt, candidate
stationary threshold; Ry, basic zero-velocity covariance; Tp,0, basic position-prior noise density;
and 0y, acceleration-bias random-walk noise density. The vertical dashed line denotes the nominal
configuration, 6/6y = 1. (a) 3D RMSE; (b) X RMSE; (c¢) Y RMSE; (d) Z RMSE.

4. Discussion

Experimental results show that the proposed evidence-weighted multi-rate inertial
fusion method can achieve more stable displacement reconstruction in high-vibration
cylindrical load transport scenarios. Compared with the basic multi-rate fusion and ZUPT-
factor-graph smoothing methods, the algorithm in this study achieves lower errors in the
three directions of X, Y, Z, and 3D RMSE. This shows that it is necessary to divide the func-
tions of low-frequency inertial / attitude information, main inertial dynamic information,
and vibration/shock observation information. The low-frequency channel provides tra-
jectory trends and scale constraints, the main inertial channel preserves motion dynamics,
and the vibration and shock channels are used to determine whether the zero-velocity
assumption is reliable. Converting high-bandwidth observations into motion-veto evidence
helps reduce the suppression of true motion by false ZUPT in high-vibration intervals.

From the perspective of error distribution, the proposed method reduces reconstruc-
tion deviations in the X, Y, and Z directions and improves the overall three-dimensional
trajectory consistency. The current results show that the reconstruction error is not only
determined by a single zero-velocity detection link, but is also related to the acceleration
integral area, attitude compensation error, low-frequency trajectory prior stability, and
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velocity tail term in the motion transition section. ZUPT can effectively suppress the ve-
locity drift in the stationary section, but it is difficult to handle the state uncertainty under
high-vibration conditions only by relying on fixed-strength zero-velocity constraints. This
study alleviates this problem through motion-veto evidence and confidence weighting
mechanisms, and further improves trajectory continuity through factor-graph smoothing.

Overall, this study experimentally verifies the complementary value of multi-rate iner-
tial data and high-bandwidth vibration/shock observations in industrial load displacement
reconstruction. By converting vibration and shock information into motion-veto evidence
and passing stationary confidence to the ZUPT and factor-graph optimization processes,
the proposed method outperforms the two contrasting methods in both 3D RMSE and
single-axis RMSE values. This result shows that inertial displacement reconstruction for
high-vibration industrial scenarios should not rely solely on direct double integration of
acceleration or fixed-threshold zero-velocity detection; instead, it should be completed in
combination with multi-source evidence, uncertainty propagation, and back-end smooth-
ing optimization. This provides a diagnosable, auditable displacement status input for
industrial digital twins, load status awareness, and maintenance decisions.

5. Conclusions

This study proposes an evidence-weighted multi-rate inertial fusion method for in-
dustrial load displacement reconstruction under high-vibration and limited-reference con-
ditions. High-bandwidth vibration and impact responses are converted into motion-veto
evidence, fused with low-frequency inertial evidence to estimate stationary confidence, and
propagated to ZUPT weighting, multi-branch priors, and keyframe factor-graph smoothing.
Cylindrical-load experiments show that the proposed method achieves lower 3D RMSE
and lower single-axis RMSE values in the X, Y, and Z directions than the two comparison
methods; improves platform stability and staged displacement reconstruction; and outputs
interpretable diagnostics such as stationary confidence, ZUPT activation, residuals, and
drift risk. Remaining direction-dependent and transition-stage errors indicate that attitude
compensation and vibration-induced bias modeling require further improvement, while
validation under a broader range of motion profiles and vibration conditions remains an
important direction for future work.
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Abbreviations

The following abbreviations are used in this manuscript:

DS Dempster-Shafer

FGO Factor-graph optimization

GNSS  Global Navigation Satellite System
IMU Inertial Measurement Unit

INS Inertial Navigation System

iSAM2  Incremental Smoothing and Mapping 2
RMS Root Mean Square

RMSE  Root Mean Square Error

RTK Real-Time Kinematic

UWB  Ultra-Wideband

VIO Visual-inertial odometry

ZUPT  Zero-velocity update
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