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Abstract

Physics-informed models assume that observed motion
is compatible with their governing dynamics. Baseline
wander violates this assumption in vectorcardiography by
adding structured low-frequency motion generated out-
side the modeled cardiac system. We evaluated a physics-
informed recurrent predictor and a hybrid Neural ODE on
one synthetic and three measured ECG datasets, before
and after wavelet correction. Baseline removal consis-
tently improved the PINN-GRU in the principal pointwise
metrics on measured data, whereas Neural ODE perfor-
mance depended on the dataset and metric. On synthetic
data, the models behaved oppositely: cleaning strongly
improved the Neural ODE but degraded the PINN-GRU,
suggesting a mismatch between the synthetic generator
and the physics encoded by the recurrent model. We also
fitted a continuous neural baseline representation to a
Gaussian-smoothed target. lts translation-invariant syn-
thetic error was 27.52, comparable with the best wavelet
result of 26.90. The current decomposition is offline be-
cause its symmetric target uses future samples, but it estab-
lishes that a learned model can attain wavelet-level base-
line separation in heart vector space.

1. Introduction

This work studies how baseline wander affects the
prediction of cardiac trajectories in vectorcardiographic
space. Vectorcardiography (VCG) represents the electrical
activity of the heart as a time-dependent three-dimensional
vector and provides spatial information complementary to
conventional electrocardiogram (ECG) analysis [1]. We
reconstruct its X, Y, and Z components from the eight
independent ECG leads using the inverse Dower transfor-
mation [2]. Forecasting this trajectory means predicting its
future position from a preceding observation window.

Baseline wander is commonly treated as an ECG pre-
processing artifact, but it can obscure clinically relevant
morphology, while its removal can itself distort compo-
nents such as the ST segment [3]. In VCG, baseline wan-

der becomes an additional low-frequency displacement of
the three-dimensional trajectory. The resulting motion is
not produced by the cardiac dynamics that the prediction
model is intended to describe. Consequently, a model may
receive an observed trajectory that is incompatible with its
assumed physical system.

This mismatch is particularly relevant to physics-guided
prediction. A physics-informed recurrent model is pe-
nalized when its predictions violate a prescribed dynam-
ical residual, while a Neural ordinary differential equation
(Neural ODE) generates future trajectories by integrating
a learned vector field. Neither model explicitly represents
baseline wander. The models must therefore either in-
terpret the artifact as cardiac motion or reject it through
their learned dynamics, potentially reducing prediction ac-
curacy.

Our primary goal is to determine whether removing
baseline wander improves heart-vector prediction by mak-
ing the observed trajectory more consistent with the mod-
eled physics. We evaluate a physics-informed recurrent
predictor (PINN-GRU) and a hybrid Neural ODE on raw
and wavelet-corrected VCG trajectories. Synthetic data
provide a clean cardiac reference. The measured evalu-
ation uses two recordings from the Large-Scale 12-Lead
ECG Arrhythmia Database [4] and one recording from the
St Petersburg INCART 12-Lead Arrhythmia Database [5],
for which the true baseline components are unknown.

Our second goal is to determine whether baseline wan-
der can be represented by a learned continuous function
rather than a fixed signal-processing procedure. We there-
fore fit a neural baseline representation and evaluate both
its geometric agreement with wavelet decomposition and
its effect on downstream prediction. The current learned
decomposition is non-causal and is used only for offline
evaluation; predictive real-time decomposition remains fu-
ture work.

2. Methods

The methodology consists of three stages. First, the
eight independent ECG leads are decomposed into cardiac
and nuisance components and transformed into a three-



dimensional VCG trajectory. Second, a physics-informed
recurrent model and a hybrid Neural ODE are trained to
predict future VCG positions from either uncorrected or
baseline-corrected observations. Third, a learned contin-
uous baseline representation is compared with wavelet re-
moval in terms of both trajectory reconstruction and down-
stream prediction performance.

2.1.  Signal model and wavelet reference

To examine how baseline wander distorts the recon-
structed cardiac trajectory, we first model its contribution
in ECG lead space and then remove it using a wavelet-
based reference method. Let Sops, Scardiac, N € R® denote
the measured ECG, its cardiac component, and the com-
bined baseline-wander and residual-noise component, re-
spectively:

Sobs = Scardiac + 1. (D

With the inverse Dower matrix D € R3*8 [2],
Xobs = DSobs = Xcardiac + D1, 2)

where Xops, Xcardiac € R2 denote the observed and car-
diac VCG vectors, respectively. The nuisance terms can-
not be separated exactly in measured recordings. In the
synthetic data, the added baseline b is known and linearity
giVeS D(Scardiac + b) = Xcardiac T Db.

The wavelet reference was computed independently in
each ECG lead with a multilevel sym10 transform and a
0.5-Hz target cutoff using PyWavelets [6]. Wavelet decom-
position is well suited to baseline removal because it sep-
arates signal components across both time and scale, and
previous comparisons have demonstrated its effectiveness
on ECG signals with synthetically added baseline wander
[7]. Approximation coefficients reconstructed the base-
line; subtraction was followed by the inverse Dower trans-
form. Reversing this order gave similar synthetic errors,
so lead-space removal was fixed for the prediction experi-
ments.

2.2.  Physics-guided prediction

To test whether baseline wander interferes with the mod-
eled cardiac dynamics, we predict future VCG trajectories
using two complementary physics-guided approaches: a
recurrent model regularized by a physical residual and a
hybrid Neural ODE.

Physics-informed neural networks incorporate gov-
erning equations into the learning objective through a
differential-equation residual [8]. Following this princi-
ple, the PINN-GRU predicts the next VCG position from
a context of positions and finite-difference velocities. Its
output corrects a constant-velocity extrapolation. A dis-

crete forced damped-oscillator residual regularizes the pre-
diction:

rep1 = g1 + V1 + k(xe —x0) —pede,  (3)

where ¢,k > 0, equilibrium X, driving magnitude py,
and unit direction dy are learned. The loss combines data,
physics-residual, and drive-penalty terms. Multi-step pre-
dictions recursively reuse the fixed one-step model without
parameter updates.

Neural ODEs represent the hidden-state dynamics of
a neural network through a continuous-time differential
equation [9]. Our hybrid Neural ODE encodes position,
velocity, and acceleration histories into an initial physical
and latent state, then integrates

X=v, “)
\'/: —’YV—W%(X—XO)+O¢fp(xvvaz7t)7 (5)
7 = fZ(X,V,Z,t)- (6)

This system represents a forced, damped second-order os-
cillator around the learned equilibrium position. Positive
damping, natural frequency, and forcing scale are learned.
Fixed-step fourth-order Runge—Kutta integration produces
the complete prediction horizon. The equilibrium center
in both physics-guided predictors was retained from an
earlier central-potential formulation; the current oscillator
form provided a simpler trainable system.

2.3. Learned decomposition

To determine whether baseline wander can be repre-
sented without a fixed signal-processing rule, we learn it
directly as a continuous function of time and compare the
resulting decomposition with the wavelet reference.

__ The learned baseline is a continuous coordinate network
b(t) = fo(t) with three 128-unit tanh hidden layers and
a three-dimensional output. It is fitted separately to each
VCG trajectory using mean squared error against a 101-
sample Gaussian-smoothed target. The corrected trajec-
tory is

icmrdiac (t) = Xobs (t) - b(t) + C, (7)
where c restores the target centroid. This centering
changes only translation, not trajectory shape. Because the
Gaussian window is symmetric, the target contains future
information. The current method is therefore an offline
decomposition, not yet a valid predictive or real-time esti-
mator.

Decomposition quality was measured by the translation-
invariant RMS distance

dri(a, b) = \/111 > @ -~ mi-B)f5 ®



Table 1. Prediction errors on three measured ECG datasets
and one synthetic dataset. Lower is better.

Data Model Input  MSE RMSE MAE ADE FDE
JS01025 H-NODE raw  21651.1 147.1 100.6 201.2 209.8
H-NODE BWR 13326.0 1154 54.5 1154 164.3
P-GRU raw 343388 1853 1083 2369 477.9
P-GRU BWR 29476.8 171.7 97.9 220.0 336.8
JS00064 H-NODE raw  12340.0 111.1 40.2 79.7 108.6
H-NODE BWR 167955 129.6 464 92.6 141.6
P-GRU raw 139285 118.0 43.1 88.8 166.2
P-GRU BWR 83134 912 42.1 86.1 198.9
10074 H-NODE raw 103129 101.6 70.5 145.5 179.6
H-NODE BWR 12231.3 110.6 53.7 102.6 110.2
P-GRU raw 344859 185.7 915 177.4 299.1
P-GRU BWR 20298.8 142.5 67.8 130.8 192.0
Synthetic H-NODE raw 18775 433 252 50.0 79.0
H-NODE BWR 589.7 243 149 29.6 339
H-NODE clean 5432 233 113 223 293
P-GRU  raw 9652 311 197 393 769
P-GRU BWR 1322.0 364 21.8 43.0 759
P-GRU clean 3719.7 61.0 351 71.8 155.6

3. Results

The evaluation addresses two questions. First, we exam-
ine how wavelet-based baseline removal changes PINN-—
GRU and Neural ODE prediction performance across one
synthetic and three measured datasets. Second, we com-
pare the learned decomposition with the wavelet reference
in terms of trajectory reconstruction and downstream pre-
diction accuracy.

3.1. Prediction across four datasets

Table 1 reports the four experiments. “BWR” denotes
wavelet-corrected input; “clean” is available only for the
synthetic data. ADE and FDE are mean and endpoint Eu-
clidean displacement errors.

For measured data, BWR reduced PINN-GRU MSE,
RMSE, MAE, and ADE on every record. FDE also im-
proved for JS01025 and 10074, but increased for JS00064.
The Hybrid Neural ODE was less uniform: all metrics im-
proved for JS01025, all worsened for JS00064, and 10074
showed higher MSE and RMSE but lower MAE, ADE, and
FDE after BWR. The latter combination is consistent with
improved typical or local accuracy accompanied by occa-
sional large deviations. It motivates testing higher-order
terms in the differential equation, but does not by itself es-
tablish that missing higher-order dynamics are the cause.

The synthetic experiment reversed the PINN-GRU
trend: cleaning degraded every metric except FDE after
wavelet correction, whereas Neural ODE performance im-
proved strongly and approached the ground-truth-clean re-
sult. One plausible explanation is that the recurrent physi-
cal residual better approximates the measured cardiac dy-
namics than the synthetic generator, making the PINN—

GRU more sensitive to synthetic model mismatch. Al-
ternative explanations include optimization variability and
distributional differences; repeated runs are needed to dis-
tinguish them.

3.2. Learned Baseline Decomposition

Table 2 compares the learned and wavelet-based de-
compositions using translation-invariant distance. On syn-
thetic data, the learned method performed comparably to
the wavelet reference. On measured recordings, where no
clean ground truth was available, the reported distances
measure agreement between the two decomposition meth-
ods rather than absolute accuracy.

Table 2. Translation-invariant distances between VCG tra-

jectories.

Data Trajectories compared drr

Synthetic  Clean vs. wavelet before VCG  34.91
Synthetic  Clean vs. wavelet after VCG 26.90
Synthetic  Clean vs. learned 27.52
Synthetic ~ Wavelet vs. learned 23.39
JS01025  Wavelet vs. learned 71.91
JS00064  Wavelet vs. learned 30.60
10074 Wavelet vs. learned 27.75

Figure 1 compares the instantaneous reconstruction er-
rors of the wavelet-based and learned decompositions on
the synthetic recording. For this comparison, both cor-
rected trajectories were expressed relative to the center
learned by the decomposition network. Applying the same
constant translation to the wavelet-corrected trajectory en-
sures that the pointwise comparison reflects differences in
trajectory shape rather than an arbitrary spatial offset.
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Figure 1. Instantaneous reconstruction error on the syn-
thetic recording after wavelet-based and learned baseline
removal. Both trajectories were aligned using the learned
center before computing their Euclidean errors relative to
the clean VCG trajectory.

After the initial transient, the two error curves remain
in a similar range and follow comparable temporal varia-
tions. Neither decomposition is uniformly superior: their
relative performance changes over time, and both exhibit



occasional local deviations. Together with the translation-
invariant distances in Table 2, this supports the conclusion
that the learned network achieves wavelet-level offline de-
composition on the synthetic trajectory. The comparison
does not establish predictive or real-time performance be-
cause the Gaussian-smoothed training target is non-causal.

Table 3 shows that geometric agreement with the
wavelet reference does not imply identical downstream
prediction performance. The learned decomposition im-
proved all reported metrics for both models on JS01025
and improved the Hybrid Neural ODE on JS00064. Its
performance was comparable to wavelet removal for the
P-GRU on JS00064, but was worse for both models on
10074. On synthetic data, it improved the Hybrid Neu-
ral ODE while substantially degrading the P-GRU. These
results indicate that decomposition quality is model- and
record-dependent and cannot be characterized by trajec-
tory agreement alone. Nevertheless, the strong improve-
ments on JS01025 and for the Neural ODE on JS00064
demonstrate that a learned decomposition can match or
outperform the wavelet reference in downstream forecast-
ing. Because the present Gaussian target is non-causal,
these findings establish offline feasibility rather than real-
time predictive decomposition.

Table 3. Prediction performance after wavelet-based (W)
and learned (L) baseline decomposition. Lower values are
better. The learned decomposition is evaluated offline be-

cause its Gaussian-smoothed target is non-causal.

Data Model RMSE MAE ADE FDE
WI/L W/L WI/L W/L

Synthetic H-NODE  24.3/20.3 14.9/12.4  29.7/24.6  33.9/289
P-GRU 36.4/124.6 21.8/39.5  43.0/79.8 75.9/135.6

JS01025 H-NODE 115.4/68.5 54.5/34.9 115.4/74.8 164.3/92.9
P-GRU  171.7/129.5 97.9/67.6 220.0/151.2 336.8/266.6

JS00064 H-NODE 129.6/81.4 46.4/35.1 92.6/70.2 141.6/124.7
P-GRU 91.2/91.4 42.1/41.8  86.1/87.4 198.9/206.1

10074 H-NODE 110.6/171.2 53.7/57.5 102.6/110.6 110.2/250.5
P-GRU  142.5/211.4 67.8/74.3 130.8/140.1 192.0/260.0

4. Discussion and Conclusion

We investigated whether baseline wander limits physics-
guided prediction in heart vector space. A physics-
informed recurrent predictor and a hybrid Neural ODE
were evaluated on raw, wavelet-corrected, and learned-
corrected VCG trajectories from one synthetic and three
measured datasets.

Baseline removal generally improved the recurrent pre-
dictor on measured data, whereas the Neural ODE re-
sponse depended on the recording and metric. Together
with the opposite synthetic behavior, this indicates that
performance depends not only on noise magnitude, but
also on whether the observed trajectory is compatible with
the dynamics encoded by the model. The results are pre-
liminary single-run comparisons and do not yet identify

the physical terms responsible for these differences.

The learned network achieved wavelet-level synthetic
decomposition and improved prediction on selected mea-
sured recordings. This demonstrates the feasibility of in-
tegrating baseline estimation with downstream forecast-
ing, although the current non-causal target restricts the
method to offline use. Overall, baseline wander is a rel-
evant source of model-observation mismatch, and decom-
position should be evaluated jointly with the physical pre-
dictor. Future work will develop causal real-time decom-
position, repeat the experiments across seeds and datasets,
and investigate alternative physical dynamics.

Code and complete reproducibility materials are
available at https://github.com/9g77yfgb4dh—

spec/Baseline-Wander-as—-a-Limiting-Factor-

in-Heart-Vector-Space-Modeling.
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