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Abstract— Direct particle-scale sediment measurements remain difficult in turbid, high-energy rivers where optical
methods fail. We present an integration-free IMU workflow that maps short windows to projected speed and kinetic energy
using physics-aware preprocessing, orientation-invariant Hankel embeddings, Gaussian process regression (GPR), and
split conformal prediction. On event-disjoint hold-out tests, the selected GPR model (m = 10) achieves R2 = 0.628,
RMSE = 0.168m s−1, and MAE = 0.096m s−1. A four-model benchmark on identical event-grouped folds (GPR, LSTM,
SVR-RBF, LSBoost) gives the lowest RMSE for LSBoost (0.158ms−1); GPR is within 0.001ms−1 of the strongest non-GPR
comparator (LSBoost), and paired RMSE differences are non-significant (p = 0.812). Empirical conformal coverage is
87.6%/93.7%/97.9% for nominal 90%/95%/99% targets. River Calder deployments show peak kinetic energies up to 0.168 J.
The framework provides uncertainty-aware kinematics and energetics for autonomous sediment-transport monitoring.

Index Terms— Gaussian Process Regression, Conformal Prediction, Inertial Measurement Units, Sediment Transport,
Uncertainty Quantification, Smart Sensors, Geomorphology

I. INTRODUCTION

SEDIMENT transport controls river morphology, flood
hazards, and aquatic habitat, yet direct particle-scale mea-

surement remains difficult in turbid, fast-changing flows in
coarse-grained gravel-bed and bedrock rivers. Optical image
velocimetry, acoustic Doppler instrumentation, and passive
acoustic proxies are widely used but often require site-specific
calibration and can degrade during high-flow events or in
coarse-bed rivers [1]–[4]. These issues motivate sensing ap-
proaches that can operate without clear water, line-of-sight, or
fixed infrastructure.

Instrumented particles with embedded inertial measurement
units (IMUs) have been used to investigate initiation of motion
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and transport dynamics, offering an alternative to optical and
acoustic sensing because they directly sense motion at the
grain scale [5]–[8]. Modern smart pebbles typically log at
100Hz–1000Hz to resolve impacts and short-lived transitions
[9]. However, IMU streams are noisy, biased, and only indi-
rectly related to the translational kinematics of interest. Naive
integration of accelerations drifts rapidly, while orientation
changes and impacts introduce non-stationary artifacts; this
motivates integration-free estimation discussed later. Reliable
inference therefore requires physics-aware preprocessing, ro-
bust feature construction, and models that generalize across
different motion regimes and deployment contexts [5]–[8].

Gaussian Process Regression (GPR) provides data-efficient
nonlinear mappings with probabilistic outputs, making it at-
tractive for short-window kinematic estimation. Yet GP poste-
rior variance alone does not guarantee calibrated uncertainty,
especially under distribution shift (changes between training
and deployment data distributions). Distribution-free confor-
mal prediction provides finite-sample coverage guarantees for
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black-box regressors and offers an uncertainty layer suitable
for decision-making in geomorphology [10]–[12].

This paper presents an integration-free pipeline that maps
short IMU windows to one-dimensional projected speed and
derived kinetic energy. The workflow combines static noise
characterization to set gyro and accelerometer thresholds, a
complementary filter with gated tilt correction, and orientation-
invariant Hankel embeddings of dynamic acceleration and
gyro norm. All splits are event-disjoint for hold-out testing,
cross-validation kernel comparison, and conformal calibra-
tion. The selected GPR model is paired with split conformal
prediction to yield calibrated speed intervals and propagated
kinetic-energy bands, and the method is demonstrated on field
episodes from the River Calder. These outputs support en-
trainment thresholds, transport stage classification, and energy
budgeting where direct observation is impractical.

II. RELATED WORK

Smart-pebble and instrumented-grain research has pro-
gressed from early feasibility demonstrations to more robust
sensing platforms. Initial work validated embedded IMUs
in flume settings and highlighted persistent challenges in
waterproofing, bias/drift, and sensor–shape alignment [5], [6].
Subsequent studies refined calibration and used in-grain ac-
celerometers to quantify hydrodynamic forces and motion
transitions, with sampling rates increasing to resolve impacts
and short-lived motion events [7]–[9].

Recent advances have pushed instrumented particles toward
process interpretation and kinematic equivalence. Experiments
have characterized vibration signatures near entrainment and
their dependence on flow state [13], [14], introduced calibrated
spherical inertial particles that preserve density and inertia
[15], and applied IMU-equipped clasts to distinguish motion
modes and energetic regimes [16], [17]. These efforts under-
line the need for short-window models that cope with impacts
between the instrumented particle and the bed or neighboring
particles, and with transitions between rolling, sliding, and
saltation.

Field deployments have increasingly combined instru-
mented particles with external proxies to improve inter-
pretability. Joint smart-particle and seismic sensing provides
cross-validation during rapidly changing stages, while passive
acoustic calibration studies demonstrate benefits for phase
identification and quality control [18]–[20]. Such cross-modal
strategies motivate uncertainty-aware inference pipelines that
remain reliable under distribution shifts between laboratory
training data and field deployments.

The literature on wearable and underwater IMUs empha-
sizes calibration protocols, bias compensation, and reliability
assessment. These methodological lessons are directly trans-
ferable to fluvial sensing where waterproofing, alignment, and
short-window inference are critical [21]–[24].

Delay embeddings provide a principled way to extract
dynamics from short time series. Hankel structures connect
to Koopman and Dynamic Mode Decomposition (DMD)
viewpoints, where observable evolution is approximated in a
linear subspace [25]. Applied studies across engineering show

that delay embeddings can capture transient dynamics while
controlling overfitting [10], [25]–[28].

Finally, coarse-grained fluvial transport is highly intermit-
tent, and calibrated uncertainty is essential for interpreting
entrainment and cessation thresholds, stage-dependent trans-
port, and energy budgets [12]. Conformal prediction supplies
distribution-free intervals with finite-sample guarantees and
has been extended to time-series and dependent settings [11],
[29]–[32]. Our work combines these ideas with a physics-
aware IMU pipeline to provide risk-aware sediment-transport
estimates.

III. METHODOLOGY

A. System overview and data acquisition
We use the Kivi smart pebble in its ellipsoidal configura-

tion [9] to record tri-axial accelerometer and gyroscope data
during laboratory and field transport. The particle has external
dimensions 80× 63× 56 mm (semi-axes a = 0.0400m, b =
0.0315m, c = 0.0280m) with mass M = 0.330 kg. On-board
electronics log inertial data and housekeeping variables to
removable storage; the system supports 100Hz IMU sampling,
1000Hz high-g acceleration logging, and an 8GB card with
a battery rated for multi-hour deployment. A full hardware
specification, engineering drawings and photographs are pro-
vided in the Kivi reference paper [9]; Fig. 1 summarizes the
instrument layout and test geometries used throughout this
study.

Desk experiments. To generate short bouts of unconstrained
motion under controlled visibility, the ellipsoidal sensor was
briefly flicked by hand on a flat, rigid surface while recording
video at 60Hz. These dry sequences provide diverse initiation
modes and onset transients and were used to validate time-
stamping and to tune the static-window detector.

Laboratory flume. Wet experiments were conducted in a
straight recirculating flume with bed slope S = 0.0010
and a 0.40m wide test section. Flow rate was increased
from 17L s−1 to 20L s−1 until the instrumented pebble was
entrained (i.e., initiated sustained motion from rest), corre-
sponding to Re ≈ (4.3–5.0) × 104 (using B = 0.40m
and ν ≈ 10−6 m2 s−1). Depth was uniform along the 2m
recording section (four-point checks); pressure sensors on the
pebble showed short-term fluctuations of 2.1mbar (2.1 cm
water head, standard deviation) and a median inter-sensor
head difference of 7.4mbar (7.5 cm). For each run the pebble
was placed on the prepared bed, allowed to interact with the
flow, and—after motion ceased—left quiescent for at least 10 s
to capture baseline segments. Selected runs were videoed at
60Hz from the side for independent tracking.

Field deployment (River Calder, Scotland). The same ellip-
soidal pebble was placed on a bedrock–gravel reach of the
River Calder in western Scotland and left to be transported
by ambient flow during typical seasonal stages [33]. Pressure
sensors indicate median submergence of 0.16m (5th–95th
percentile 0.06m–0.22m) when referenced to the lowest 1%
pressures across field events, and short-term fluctuations of
8.6mbar (8.8 cm water head, standard deviation). A DEM-
based, Manning-derived median reach discharge is approx-
imated at 5830L s−1, which is consistent with records of
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mean flow from the nearest flow station (Calder at Muirshiel,
6580L s−1). After each transport episode the sensor was left
static for at least 10 s.

Training dataset and targets. The supervised dataset com-
prises 88 labelled 3 s events (60 desk flicks and 28 wet
flume runs), with 56 events used for training, 14 for con-
formal calibration, and 18 for the held-out test. Video was
analysed by manual digital tracking; the projected centre-of-
mass speed along the dominant horizontal direction provides
a one-dimensional reference projected speed at 60Hz (cross-
stream motion reduces the projection and thus underestimates
the true 2-D speed). 5 short episodes (12.5 s–23.0 s) from the
River Calder (no video) serve to demonstrate the estimator in
situ together with uncertainty quantification and kinetic-energy
reconstruction.

Split protocol (event-disjoint). Each event is a 3 s window
resampled to L = 180 points; Hankel embedding of delay
m yields (L−m+1) samples per event. All validation splits
operate by event: a hold-out is drawn on unique event IDs; split
conformal calibration divides the training events into disjoint
model/calibration subsets; and cross-validation partitions event
IDs into folds before expanding to Hankel rows. Kernel and
delay selection are performed only on the development set
(train+calibration); held-out test events are used once for final
evaluation. Consequently, every Hankel row derived from a
given event remains in exactly one split, eliminating leakage
across train/calibration/test partitions. Figure 2 provides a
compact workflow diagram across desk, flume, and field data;
Figure 3 shows an example event and signal flow.

B. Signal preprocessing
Static noise characterization.: A static IMU recording pro-

vides noise scales for thresholding. Let at and ωt denote
raw accelerometer and gyroscope samples. The per-axis noise
scales are

σa = 1
3

3∑
i=1

std(ai), σω = 1
3

3∑
i=1

std(ωi). (1)

The three sensor axes are orthogonal in the IMU frame. Gyro-
scope units are detected (◦ s−1 or rad s−1) and normalized to
◦ s−1 for thresholding. The gyro deadband is θω,dead = 3σω ,
the accelerometer tilt gate is θa = 3σa, and the static-window
detector uses the distinct threshold θstat = 1.200 ◦ s−1. For ref-
erence, the dataset-level estimates are σa = 0.0262m s−2 and
σω = 0.0714 ◦ s−1, and the corresponding noise histograms
are provided in Appendix Fig. 7. Gyroscope rates and σω are
converted to rad s−1 for kinetic-energy computation. The static
threshold is set conservatively (tuned on desk trials) to avoid
false motion detection and is intentionally higher than 3σω; in
this dataset, θstat ≈ 17σω .

Per-episode bias and gravity reset.: Within each event, a
static segment is identified where the gyro norm falls below
θstat for at least 0.5 s; if no such segment exists, the lowest
5% of gyro magnitudes are used. The gyro bias is estimated
from this segment and subtracted before filtering. The gravity
magnitude g0 is taken as the mean accelerometer norm over
the same segment and is used for tilt gating and gravity

compensation. This ensures that bias and gravity references are
consistent within each episode while retaining global noise-
derived thresholds.

Filtering and gravity compensation.: Gyroscope measure-
ments are de-biased using the static mean and deadbanded
when ∥ωt∥ < θω,dead. Accelerometer and gyroscope signals
are Savitzky–Golay smoothed component-wise with a cubic
polynomial (order 3) and a 21-sample window [34]. A com-
plementary filter propagates the quaternion using the gyro rate
and applies an accelerometer tilt correction only when the
acceleration magnitude is close to g0 (note that gravity is not
removed before this gate):

q̂−t = qt−1 ⊗ exp
(
1
2∆t ω̂t

)
, (2)

ĝt = R(q̂−t )
⊤ez, (3)

et = ĝt × ât

∥ât∥ , (4)

qt = exp
(
1−α
2 et

)
⊗ q̂−t , (5)

if
∣∣ ∥ât∥ − g0

∣∣ < θa, (6)

qt = q̂−t , otherwise. (7)

Here ez is the unit vector aligned with gravity. The gravity
vector is g(t) = g0R(qt)

⊤ez and dynamic acceleration is
adyn(t) = ât − g(t). Orientation-invariant magnitudes (invari-
ant to sensor orientation but responsive to motion dynamics)
are then

r(t) = ∥adyn(t)∥ , s(t) = ∥ω̂t∥ . (8)

Windowing and resampling.: Each supervised event is a 3 s
window aligned to motion initiation and resampled to L = 180
samples at 60Hz; the video reference vref(t) is interpolated
onto the same grid, and a normalized time coordinate t∗ ∈
[0, 1] is retained for alignment. Field episodes are processed
in sliding windows with a stride of one sample (0.0167 s) for
Fig. 6 to produce continuous traces.

C. Hankel time-delay embedding

To encode short-window dynamics without long sequences,
we construct a Hankel delay embedding of the orientation-
invariant scalars. For delay dimension m, the jth row stacks
the last m samples of r and s:

xj = [rj , . . . , rj+m−1, sj , . . . , sj+m−1]
⊤,

xj ∈ R2m.
(9)

yj = vref
j+m−1. (10)

The target is aligned to the end of the window so that each
feature vector predicts the current projected speed. We evaluate
m ∈ {8, 10, 12, 15} and select the best via event-grouped
cross-validation. At 60Hz, these delays span roughly 0.13 s–
0.25 s of recent history, providing short-term dynamics without
long sequences.

Static gating.: Static detection is applied per Hankel row:
if maxk=0...m−1 sj+k < θstat, then xj = 0 and the prediction
is clamped to ŷj = 0. The same rule is enforced in training,
calibration, test, and field inference to preserve consistency.
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D. Gaussian process regression and kernel family
From the windowed samples {(xj , yj)}nj=1, projected speed

is modeled as

f(x) ∼ GP (0, k(x,x′)) , (11)

y = f(x) + ε, ε ∼ N (0, σ2
n). (12)

For a test input x∗, the posterior mean and variance are

µ∗ = k⊤
∗ (K + σ2

nI)
−1y, (13)

σ2
∗ = k(x∗,x∗)− k⊤

∗ (K + σ2
nI)

−1k∗. (14)

Here K is the n×n kernel matrix with Kij = k(xi,xj), and
k∗ collects covariances between x∗ and the training inputs.

Kernel comparison.: We evaluate squared-exponential and
Matérn kernels alongside the MATLAB default GPR baseline:

kSE(x,x
′) = σ2

f exp

(
−∥x−x′∥2

2ℓ2

)
, (15)

kM32(x,x
′) = σ2

f

(
1 +

√
3
ℓ r

)
exp

(
−

√
3
ℓ r

)
, (16)

kM52(x,x
′) = σ2

f

(
1 +

√
5
ℓ r + 5

3
r2

ℓ2

)
exp

(
−

√
5
ℓ r

)
, (17)

with r = ∥x− x′∥. Event-grouped five-fold cross-validation
evaluates RMSE, MAE, and the coefficient of determination.
Embedding sizes are scanned over m ∈ {8, 10, 12, 15}.
Model selection minimizes mean CV RMSE with tie-breakers
on CV(RMSE), MAE, and compute time. Nonnegativity is
enforced by clamping predictions to zero after static gat-
ing. Comparator benchmarking (GPR, LSTM, SVR-RBF, LS-
Boost) uses identical event-grouped outer folds, identical pre-
processing/targets/metrics, and model-specific hyperparameter
tuning in a nested workflow.

E. Split conformal prediction for coverage
Split conformal prediction is applied to the GPR point

predictions using a calibration set disjoint from training.
Nonconformity scores are

αj =
∣∣yj − ŷj

∣∣. (18)

For miscoverage ϵ, the finite-sample quantile is

q = α(k), k = ⌈(n+ 1)(1− ϵ)⌉, (19)

with α(k) denoting the kth order statistic. Prediction intervals
are [max(0, ŷ − q), ŷ + q], and static windows map to [0, 0].

F. Kinetic-energy reconstruction
Projected speed v(t) and angular-rate magnitude ω(t)

(rad s−1) yield kinetic energy

Etot(t) =
1
2Mv(t)2 + 1

2Ieqω(t)
2. (20)

For the ellipsoidal Kivi, principal moments are

Ixx = 1
5M(b2 + c2) = 0.000117 kgm2,

Iyy = 1
5M(a2 + c2) = 0.000157 kgm2,

Izz = 1
5M(a2 + b2) = 0.000171 kgm2.

(21)

An orientation-averaged effective inertia Ieq ≈
0.000149 kgm2 is adopted when only ∥ω∥ is available.

TABLE I

COMPARATIVE EXPERIMENT ON IDENTICAL EVENT-GROUPED FOLDS.

Model RMSE (m/s) MAE (m/s) R2 NSE

GPR 0.159 0.093 0.616 0.616
LSTM 0.161 0.090 0.602 0.602
SVR RBF 0.163 0.092 0.599 0.599
LSBoost 0.158 0.092 0.620 0.620

Energy intervals from conformal speed bounds.: Let q denote
the conformal half-width at the desired level and define vL =
max(0, v̂−q) and vU = v̂+q. The translational energy bounds
are

Etrans ∈
[
1
2Mv2L,

1
2Mv2U

]
. (22)

We form total-energy bounds by adding the measured rota-
tional term, Erot =

1
2Ieqω

2, to obtain Etot,low = 1
2Mv2L + Erot

and Etot,high = 1
2Mv2U + Erot.

IV. RESULTS

A. Comparative benchmark across four models
To address baseline-comparison requirements, we bench-

mark the selected GPR pipeline against three alternatives on
the same event-grouped folds: an LSTM sequence regressor
[35], SVR with RBF kernel, and LSBoost trees. Table I reports
fold-aggregated RMSE, MAE, R2, and NSE for all four mod-
els. The lowest RMSE is achieved by LSBoost at 0.158m s−1.
GPR reports RMSE = 0.159m s−1; the strongest non-GPR
comparator (LSBoost) reports RMSE = 0.158m s−1, giving
an absolute gap of 0.001m s−1. The paired nonparametric fold
test for RMSE gives p = 0.812.

B. Model performance and kernel comparison
Using the IMU-equipped particle data, we estimate coarse-

particle motion in river-relevant settings across desk, flume,
and field trials. The optimized regressor uses Matérn 3/2 with
delay dimension m = 10 and tracks the timing and relative
magnitude of video-derived speeds while smoothing some
sharp peaks. The event-level hold-out fit attains R2 = 0.628,
RMSE = 0.168m s−1, and MAE = 0.096m s−1 (Fig. 4a–c).
Event-grouped cross-validation yields consistent scores (mean
RMSE = 0.161m s−1, mean R2 ≈ 0.598, mean MAE =
0.094m s−1, and CVRMSE = 10.2%; Fig. 4d). Table II
summarizes the kernel–embedding comparison, including the
MATLAB default baseline, and the selected model is used for
all subsequent figures and field reconstructions.

C. Uncertainty quantification
Split conformal prediction yields distribution-free uncer-

tainty on event-disjoint test events. Observed coverage is
87.6%/93.7%/97.9% for nominal 90%/95%/99% intervals,
and mean interval widths are 0.521m s−1, 0.712m s−1,
and 1.140m s−1. The corresponding half-widths are q90 =
0.261m s−1, q95 = 0.356m s−1, and q99 = 0.570m s−1,
computed using the finite-sample order-statistic rule. Fig. 5
summarizes coverage statistics, interval widths, and noncon-
formity scores; Fig. 4(b) stitches three held-out dry validation
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TABLE II

EVENT-GROUPED CROSS-VALIDATION ACROSS KERNELS AND EMBED-
DING DIMENSIONS. VALUES ARE MEAN METRICS FOR EACH KERNEL–
m PAIR (GENERATED AUTOMATICALLY FROM THE CURRENT RUN).

Kernel m RMSE (m/s) MAE (m/s) R2 CV(RMSE) (%)

squaredexponential 8 0.166 0.098 0.585 0.095
matern32 8 0.164 0.097 0.596 0.089
matern52 8 0.164 0.097 0.593 0.092
default 8 0.167 0.099 0.579 0.088
squaredexponential 10 0.165 0.096 0.580 0.099
matern32 10 0.161 0.094 0.598 0.102
matern52 10 0.162 0.094 0.596 0.114
default 10 0.164 0.095 0.581 0.102
squaredexponential 12 0.167 0.098 0.568 0.107
matern32 12 0.165 0.097 0.580 0.108
matern52 12 0.166 0.098 0.576 0.101
default 12 0.167 0.098 0.567 0.108
squaredexponential 15 0.172 0.102 0.553 0.111
matern32 15 0.169 0.101 0.569 0.115
matern52 15 0.170 0.101 0.564 0.109
default 15 0.171 0.102 0.555 0.110

events to show how the conformal bands track transient
motion.

D. Field demonstration and kinetic energy

River Calder deployments were post-processed using the
validated model to reconstruct projected speed and total kinetic
energy (Fig. 6). Four representative episodes are shown; across
5 field episodes, peak total energy spans 0.118 J to 0.168 J.
The predicted speed time series show initiation of motion, peak
transport, and decay phases, with conformal bands widening
during energetic intervals and tightening during quiescence.
Angular-rate magnitude is plotted with a ±2σ band using
the gyroscope noise scale from static measurements (noise
envelope, not a calibrated CI). Shaded envelopes depict a 95%
energy band derived from the conformal speed bounds. The
final column decomposes total energy into translational and
rotational components; translational shares at the dominant
peak range from 10% to 77%, while rotational complements
span 23%–90% across events.

V. DISCUSSION

A. Conformal prediction and risk-aware kinetic-energy
inference

A central contribution of this study is the use of split
conformal prediction to attach distribution-free uncertainty to
speed-magnitude estimates and, by propagation, to kinetic-
energy budgets. The selected GPR configuration (Matérn 3/2,
m = 10) is chosen using event-grouped cross-validation to
balance accuracy and stability. Conformal calibration converts
point predictions into finite-sample intervals (Fig. 5); empiri-
cal coverage is 87.6%/93.7%/97.9% on disjoint test events.
Propagating these intervals through Etot(t) = 1

2Mv(t)2 +
1
2Ieqω(t)

2 yields interpretable energy envelopes (Fig. 6) that
support robust entrainment/cessation thresholding, site-to-site
comparisons, and operational monitoring for distribution shift.
The explicit static gating further reduces false motion during
quiescent periods while preserving calibrated coverage. For

practitioners, half-widths of 0.261m s−1–0.570m s−1 imply
that transport/no-transport decisions should use thresholds
above this uncertainty band, and the resulting energy envelopes
provide conservative bounds on peak budgets.

The comparative benchmark indicates statistically compa-
rable performance under the current fold count: LSBoost has
the lowest RMSE (0.158m s−1), while GPR remains within
0.001m s−1 of the strongest non-GPR comparator (LSBoost),
and the paired-fold RMSE test gives p = 0.812. We therefore
treat rank ordering as indicative and select GPR as the best
compromise for this pipeline: it remains competitive across
RMSE/MAE/R2/NSE, is sample-efficient for limited labeled
fluvial events through kernel regularization, and integrates
directly with the uncertainty workflow used here (stable short-
window predictions plus split-conformal calibration).

Relative to prior smart-particle and IMU-based sediment
studies, the main advance here is not simply another feasi-
bility demonstration. Earlier work established instrumented-
grain sensing as viable, improved calibration and packaging,
and used inertial signatures to interpret entrainment, vibra-
tion regimes, and motion-state transitions [5]–[8], [13]–[17].
Those studies substantially improved process interpretation,
but they generally did not target direct projected-speed recon-
struction with event-disjoint evaluation, explicit cross-model
benchmarking on identical folds, or calibrated uncertainty
propagation into kinetic-energy estimates. The contribution of
the present workflow is therefore methodological as well as
applicational: it converts short IMU windows into transport-
relevant kinematic and energetic quantities while retaining an
uncertainty layer that is interpretable for field deployment.

Empirical coverage is slightly below nominal for the lower
target levels, which is not unexpected in this setting because
Hankel rows are temporally correlated and lab-to-field trans-
fer introduces mild distribution shift. We therefore present
empirical rates alongside nominal targets and interpret the
resulting bands as operational risk bounds rather than strict
exchangeability guarantees.

B. Why integration-free learning matters
Inferring velocity by integrating accelerations is notoriously

sensitive to small biases, misalignment, and gravity leakage;
even milligravity errors accumulate quickly, restricting credi-
ble operation to very short windows [36]. The integration-free
approach used here instead learns a mapping from orientation-
invariant features to projected speed, leveraging both dynamic
acceleration and angular-rate norms. Hankel embeddings re-
tain short-term temporal structure without long sequences,
allowing the regressor to capture impacts, rolling transitions,
and transient bursts that are poorly handled by direct integra-
tion. The result is a model that tracks rapid onsets (Fig. 3f),
generalizes across held-out events, and remains stable during
tumbling while preserving uncertainty calibration in the field.

C. Limitations, extensions, and future work
As with any data-driven approach, reliability is strongest

within the support of the training distribution. Stress tests
indicate graceful degradation under noise and missingness, but
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large distribution shifts will eventually erode both accuracy
and coverage. Practical safeguards include monitoring confor-
mal residuals during deployment, refreshing calibration with a
small number of site-specific labeled events, and periodically
revisiting the static thresholds as sensors age.

Appendix Fig. 9 stress-tests the trained model by injecting
feature noise, simulating missingness, and probing out-of-
distribution (OOD) distance. Errors increase monotonically
with perturbation strength and with OOD distance, while resid-
uals remain approximately homoscedastic. These diagnostics
show that the estimator degrades gracefully under realistic
sensor imperfections, but they also delineate the regime where
re-calibration or additional labeled events become necessary.
In practice, elevated residuals or sustained interval inflation
can be used as a trigger to refresh the model before coverage
deteriorates further.

Several extensions are immediately tractable: (i) integrat-
ing high-g accelerometer summaries to capture impacts and
saltation peaks; (ii) mode-aware training that separates rolling,
sliding, and saltation to improve interpretability; (iii) transfer
learning or lightweight fine-tuning when moving across sites,
grain sizes, or housing geometries; and (iv) sequential con-
formal methods to provide joint coverage across windows for
event-level decision support.

VI. CONCLUSIONS

We demonstrate that gravity-compensated, integration-free
learning on short IMU windows can recover projected speed
and kinetic-energy time series with calibrated uncertainty
across laboratory and field conditions. The approach uses a
complementary filter, Hankel delay embeddings of dynamic
acceleration and angular-rate magnitudes, a Matérn 3/2 Gaus-
sian Process regressor, and split conformal prediction. The
estimator attains competitive accuracy on held-out events
and retains distribution-free coverage when deployed in the
River Calder, where energy reconstructions exhibit realistic
transient maxima and component splits aligned with angular-
rate activity. Because the approach avoids explicit acceleration
integration, it remains stable during impacts and tumbling
while providing interval-valued outputs that support risk-aware
interpretation and operational decisions. The framework is
readily extensible and offers a scalable path to risk-aware
kinematics and energetics from IMUs in geomorphic settings
where conventional sensing is difficult. A practitioner-facing
synthesis of deployment protocols and interpretation remains
an important next step.
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Fig. 1. Instrumented ellipsoidal Kivi and experimental configuration. (a) Instrumented ellipsoidal “Kivi” showing the location of the centre of mass,
inertial sensors, pressure sensors and status LED; (b) definition of centre-of-mass motion during rolling; (c) flume set-up and measurement section.



10 IEEE SENSORS JOURNAL, VOL. XX, NO. XX, XXXX 2024

Fig. 2. Workflow overview across training and field inference. Desk and flume events provide labeled training data (IMU + video), which pass
through preprocessing and Hankel embedding before event-disjoint model selection, GPR training, and conformal calibration. The trained model is
then applied to field IMU data to produce projected speed, kinetic energy, and uncertainty bands.

Fig. 3. End-to-end processing and learning pipeline. Example dry desk event with motion onset around 1.5 s. (a) Raw low-g accelerometer 
signals on an event window. (b) Complementary-filter g ravity-compensated a cceleration. ( c) G yroscope s ignals ( dominant y -component bursts 
indicate rolling; peaks align with video in (d)). (d) Naive IMU-integrated speed versus video reference. (e) Hankel embedding structure (delay 
dimension from the trained model, m = 10). (f) GPR projected speed with 95 %/99 % conformal bands and tracked ground truth (static segments 
clamped via gyro gating; first m samples omitted for Hankel alignment).
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Fig. 4. Model performance and validation. (a) Predicted versus video-projected speed on the hold-out set (R2 = 0.628, RMSE = 0.168m s−1,
MAE = 0.096m s−1). (b) Stitched sequence of three held-out dry validation events with video reference and conformal bands. (c) Residual
distribution (predicted minus actual) with near-zero mean. (d) Event-grouped cross-validation consistency across folds.
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Fig. 5. Uncertainty quantification summary. (a) Nominal versus empirical coverage at the target levels. (b) Interval widths for each target level.
(c) Nonconformity score distribution with quantile markers. (d) Per-event coverage distribution for the lower target levels.
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Fig. 6. Field demonstration: River Calder. Rows correspond to four representative deployment episodes. Column (a): predicted projected speed
with conformal bands. Column (b): angular-rate magnitude with a centred ±2σ noise envelope (gyro noise scale from static characterization).
Column (c): total kinetic energy with a 95% band derived from conformal speed bounds. Column (d): energy components (Etrans, Erot); annotations
report the translational/rotational percentage at the dominant peak.
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TABLE III

PAIRED SIGNIFICANCE TESTS FOR COMPARATOR MODELS VERSUS GPR
ON OUTER FOLDS.

Comparator Metric p-value Folds Interpretation

LSTM RMSE 0.8125 5 Not significant at α = 0.05
LSTM MAE 0.1875 5 Not significant at α = 0.05
LSTM R2 0.8125 5 Not significant at α = 0.05
LSTM NSE 0.8125 5 Not significant at α = 0.05
SVR RBF RMSE 0.4375 5 Not significant at α = 0.05
SVR RBF MAE 0.3125 5 Not significant at α = 0.05
SVR RBF R2 0.4375 5 Not significant at α = 0.05
SVR RBF NSE 0.4375 5 Not significant at α = 0.05
LSBoost RMSE 0.8125 5 Not significant at α = 0.05
LSBoost MAE 0.8125 5 Not significant at α = 0.05
LSBoost R2 0.8125 5 Not significant at α = 0.05
LSBoost NSE 0.8125 5 Not significant at α = 0.05

APPENDICES

Appendix A: Paired Statistical Comparison Details
Table III reports paired Wilcoxon signed-rank tests on outer-

fold metrics for each comparator versus GPR. At α = 0.05,
none of the reported paired tests are statistically significant
with five folds, so model ordering is interpreted as indicative
performance under the current sample size rather than defini-
tive dominance.
Supplementary figures that support the preprocessing, kernel
sweep, and robustness checks are provided below (Appendix
Fig. 7, Appendix Fig. 8, and Appendix Fig. 9).



MANIATIS et al.: KINETIC ENERGY ESTIMATION OF IMU-EQUIPPED SEDIMENT PARTICLES WITH GAUSSIAN PROCESS REGRESSION AND CONFORMAL
PREDICTION 15

Fig. 7. Static sensor noise characterization. Accelerometer and gyroscope noise histograms with Gaussian fits, used to set the deadband and
tilt-gating thresholds.

Fig. 8. Comprehensive kernel and embedding analysis. Overall scores, relative RMSE by delay dimension, performance–stability trade-
off, metric normalization, convergence rate, and efficiency derived from event-grouped cross-validation. Panels (a), (d), and (f) use min–max
normalization across kernels, so the worst kernel maps to zero and its bar can appear absent.
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Fig. 9. Fast robustness assessment of the already-trained model. Baseline metrics, noise sensitivity, missingness sensitivity, calibration, OOD
risk, and residual diagnostics computed from the current run.




