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Abstract: Tracking performance of physical-model-based feedforward control for interventional
X-ray systems is limited by hard-to-model parasitic nonlinear dynamics, such as cable forces
and nonlinear friction. In this paper, these nonlinear dynamics are compensated using a physics-
guided neural network (PGNN), consisting of a physical model, embedding prior knowledge of
the dynamics, in parallel with a neural network to learn hard-to-model dynamics. To ensure
that the neural network learns only unmodelled effects, the neural network output in the
subspace spanned by the physical model is regularized via an orthogonal projection-based
approach, resulting in complementary physical model and neural network contributions. The
PGNN feedforward controller reduces the tracking error of an interventional X-ray system by
a factor of 5 compared to an optimally tuned physical model, successfully compensating the
unmodeled parasitic dynamics.
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1. INTRODUCTION

Image-guided therapy (IGT) in general, and interventional
X-rays specifically, are a key technology in healthcare that
directly improve treatment quality by enabling minimally
invasive therapies through visualization of patient tissue
(Jolesz, 2014). The interventional X-ray is one of the main
IGT systems and is able to create 3D images of the relevant
tissue by combining a sequence of 2D X-ray snapshots
(Pelc, 2014). It is specifically geared toward use during
surgery to generate real-time images of the relevant tissue,
enabling small surgical tools as opposed to making large
incisions, resulting in faster patient recovery.

Accurate feedforward control (Clayton et al., 2009; But-
terworth et al., 2009) is essential during operation of an
interventional X-ray system to guarantee both high imag-
ine quality as well as patient and operator safety. First,
accurate feedforward control allows for compensation of
the system’s dynamics before errors occur, resulting in
accurate tracking of the desired setpoint for the imaging
sequence, minimizing visual artefacts such as motion blur.
Second, mismatch between motor torques predicted by
feedforward control and actual applied torques, i.e., the
feedback controller contribution, can be used as a basis to
distinguish nominal operating conditions from anomalies
such as collisions, increasing safety.

Feedforward controllers based on physical models (Deva-
sia, 2002; Zou and Devasia, 2004; Hunt et al., 1996) have
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limited performance due to hard-to-model or unknown
dynamics present in an interventional X-ray: dynamics
not included in the physical model are not compensated
through feedforward control, resulting in reproducible
tracking errors. At the same time, these physical models
are highly flexible, i.e., result in the same performance for
different trajectories (Bolder and Oomen, 2015), and can
describe the majority of the dynamics in terms of simple
expressions using a few interpretable parameters, such as
mass and snap coefficients (Boerlage et al., 2003).

In sharp contrast to a physical-model-based approach,
neural network feedforward controllers can compensate all
predictable dynamics of any system given a sufficiently
rich (recurrent) parametrization (Goodfellow et al., 2016;
Schäfer and Zimmermann, 2006) and have been success-
fully applied in feedforward control to improve tracking
performance (Hunt et al., 1992; Sørensen, 1999; Otten
et al., 1997). However, neural networks are challenging
to optimize (Narendra and Parthasarathy, 1991), unin-
terpretable, and lack the ability to extrapolate based on
physical prior knowledge (Schoukens and Ljung, 2019).

Physics-guided neural networks (PGNNs) aim to reconcile
the performance of neural networks with the flexibility
and interpretability of physical models by explicitly in-
troducing the physics into the structure (Karpatne et al.,
2017a) or optimization criterion (Karpatne et al., 2017b).
These PGNNs can be shown to increase performance over
physical-model-based feedforward controllers (Bolderman
et al., 2021). Despite their improvement, the contribu-
tions of the physical model and neural network are not
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Fig. 1. Interventional X-ray system with roll axis with
orientation θ positioning the X-ray source and de-
tector. The configuration-dependent cable forces ( )
and friction characteristics of the guidance ( ) limit
the effectiveness of physical-model-based feedforward
control.

always well distinguished. Complementarity is obtained
by explicitly separating the physical model and neural
network contribution through orthogonal projection-based
regularization (Kon et al., 2022), resulting in physically
meaningful model coefficients.

The main contribution of this paper is the development
and experimental validation of the PGNN feedforward
framework to learn and subsequently compensate the
hard-to-model dynamics present in the interventional X-
ray. This consists of the following subcontributions.

C1) A PGNN feedforward parametrization for the inter-
ventional X-ray system, consisting of a physical model
describing its equations of motion and a suitable
neural network (Section 3).

C2) An orthogonal projection-based regularizer to ensure
complementarity of the physical model and neural
network (Section 4).

C3) Experimental validation of the PGNN feedforward
controller on an interventional X-ray system, il-
lustrating its superior tracking performance over
physical-model-based feedforward control (Section 5).

2. CONTROL PROBLEM

2.1 Interventional X-ray System

The considered interventional X-ray system is depicted
in Fig. 1. While it has 3 degrees of freedom, this paper
considers only the roll axis. The roll axis body rotates in a
roller-based guidance attached to the sleeve, thus position-
ing the X-ray source and detector in this dimension. It is
driven by a permanent magnet DC motor and an amplifier
with a maximum input of 5 [V] through a transmission
consisting of gears and belts. The rotation is measured
using an incremental encoder with an effective resolution
of 0.0119 [deg]. Encoder measurements and power for the
X-ray source are supplied through a cable at the side of
the setup, which is acting as a dynamic link. The software
runs on a Speedgoat system with Ts =

1
500 [s].

This mechanical design, motivated and constrained by the
use around medical personnel, introduces the following
hard-to-model nonlinear dynamics.

C

Fζ,ϕ = Mζ + Cϕ
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Fig. 2. Two-degree-of-freedom control configuration for
roll axis of an interventional X-ray system with feed-
back controller C and feedforward controller Fζ,ϕ

consisting of physical model Mζ and neural network
Cϕ.

(1) The mass distribution is unbalanced, resulting in
configuration-dependent gravitational forces.

(2) The cable acts as a configuration-dependent inertia,
and is tensioned for large negative θ, acting as a one-
sided spring.

(3) The friction characteristics in the guidance depend on
the normal forces acting on the contact surface of the
rollers, and are thus configuration-dependent.

The configuration-dependent gravitational forces can be
quantitatively captured by a physical model. However, the
exact way these parasitic cable and friction forces depend
on the configuration θ is exceptionally hard to model
from a physics-based perspective, limiting the tracking
performance of physical-model-based feedforward control.

2.2 Control Approach

The main dynamics of the interventional X-ray system,
i.e., the configuration-dependent gravitational forces, can
be described by physics, but the cable and friction forces
are only qualitatively understood and hard to model.
Therefore, the physical model Mζ with parameters ζ
is complemented by a neural network Cϕ to learn these
hard-to-model dynamics, resulting in a parallel PGNN
feedforward controller Fζ,ϕ, see Fig. 2. Additionally, a
simple PD feedback controller is employed to compensate
both unknown external disturbances as well as dynamics
uncompensated by the PGNN feedforward controller.

The aim of this paper is to learn the parameters ζ, ϕ
of the PGNN feedforward controller (defined in the next
section) that compensate the hard-to-model cable and
friction force, thereby increasing tracking performance, in
such a way that Mζ stays interpretable and Cϕ increases
performance by learning only unmodeled dynamics, i.e.,
while ensuring complementarity. In this paper, an inverse
system identification approach is taken, in which ζ, ϕ are
learned based on a dataset D describing the system’s dy-
namics consisting of inputs û(k) corresponding to outputs
θ(k) with k = 1, . . . , N that has been obtained in advance,
e.g., feedback or iterative learning control data.

3. PHYSICS-GUIDED NEURAL NETWORK

3.1 Parallel Feedforward Parametrization

To compensate hard-to-model dynamics, the feedforward
controller Fζ,ϕ is parametrized as the parallel combina-
tion of a physical model Mζ and complementary neural
network Cϕ according to

f(k) = Fζ,ϕ(θd(k)) = Mζ(θd(k)) + Cϕ(θd(k)), (1)

and is visualized in Fig. 3. The physical model Mζ with
parameters ζ represents prior knowledge of the physical
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Fig. 1. Interventional X-ray system with roll axis with
orientation θ positioning the X-ray source and de-
tector. The configuration-dependent cable forces ( )
and friction characteristics of the guidance ( ) limit
the effectiveness of physical-model-based feedforward
control.
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(2) The cable acts as a configuration-dependent inertia,
and is tensioned for large negative θ, acting as a one-
sided spring.

(3) The friction characteristics in the guidance depend on
the normal forces acting on the contact surface of the
rollers, and are thus configuration-dependent.

The configuration-dependent gravitational forces can be
quantitatively captured by a physical model. However, the
exact way these parasitic cable and friction forces depend
on the configuration θ is exceptionally hard to model
from a physics-based perspective, limiting the tracking
performance of physical-model-based feedforward control.
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are only qualitatively understood and hard to model.
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hard-to-model dynamics, resulting in a parallel PGNN
feedforward controller Fζ,ϕ, see Fig. 2. Additionally, a
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uncompensated by the PGNN feedforward controller.
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of the PGNN feedforward controller (defined in the next
section) that compensate the hard-to-model cable and
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learned based on a dataset D describing the system’s dy-
namics consisting of inputs û(k) corresponding to outputs
θ(k) with k = 1, . . . , N that has been obtained in advance,
e.g., feedback or iterative learning control data.
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To compensate hard-to-model dynamics, the feedforward
controller Fζ,ϕ is parametrized as the parallel combina-
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network Cϕ according to
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Fig. 3. PGNN feedforward controller consisting of physical-
model-based feedforward controller Mζ with param-
eters ζ and neural network feedforward controller Cϕ.
Cϕ consists of a feedforward neural network gϕ and
physics-guided input T (θd(k)), here with L = 3 hid-
den layers of size 4, 3, 4, and a linear output layer.

process through encapsulating quantitatively known dy-
namics. The physical model is complemented by a uni-
versal function approximator Cϕ with parameters ϕ, here
chosen as a neural network, such that it can learn dynamics
not included in the physical model.

3.2 Physical Model

The physical model Mζ constitutes an equation of motion
describing the relation between the generalized coordinate
θ and the input u derived from first-principles modeling
(de Vos, 2022). More specifically, assuming that inputs
are confined within actuator limits and ignoring drivetrain
flexibilities, the equation of motion for θ is given by

u = Mθ̈ +H(θ, θ̇) + dθ̇. (2)

Here, d ∈ R≥0 is the viscous damping coefficient,

M = m(y2 + z2) + Jxx ∈ R≥0, (3)

the inertia of the roll axis, and

H(θ, θ̇) = mg(y cos(θ)− z sin(θ)) cos(ϕ) ∈ R, (4)

the gravity contribution. Coordinates y, z ∈ R represent
the offset of the center of mass with respect to the point
of rotation, and ϕ the known orientation of the roll axis
out of the vertical plane.

The required feedforward signal can be obtained by eval-
uating the right-hand-side for a given reference θd and
discrete-time derivatives θ̇d. Thus, the physical-model-
based feedforward controller Mζ : θd → fM is given by

fM(k) = Mθ̈d(k) +H(θd(k), θ̇d(k)) + dθ̇d(k), (5)

with physical parameters

ζ = [m Jxx d y z]
T ∈ RNζ . (6)

3.3 Neural Network

The neural network Cϕ consists of a feedforward neural net-
work (FNN) acting on a physics-guided input vector. By
the universal approximation theorem (Goodfellow et al.,
2016), Cϕ can represent any continuous function on a
bounded interval up to arbitrary precision, such that it
can learn hard-to-model dynamics, such as cable forces,
from data.

More specifically, the neural network feedforward con-
troller Cϕ : θd → fC is defined as

fC(k) = gϕ(T (θd(k))). (7)

The FNN gϕ : T (θd(k)) = x → fC(k) is given by a fully
connected multilayer perceptron (MLP) of L hidden layers
and a linear output layer without bias, i.e.,

hl(x) = x if l = 0

hl(x) = σ
�
W l−1hl−1(x) + bl


if l = 1, . . . , L

gϕ(x) = W lhl(x) if l = L, (8)

in whichW l, bl are appropriately sized weight matrices and
bias vectors defining affine mappings, and σ is an element-
wise activation function acting on this affine mapping,
such as a sigmoid, hyperbolic tangent (tanh) or rectified
linear unit (ReLU). The full MLP gϕ then is the repeated
application of affine and nonlinear transformations.

The physics-guided input transformation T encodes prior
qualitative knowledge on the hard-to-model dynamics and
is defined as

T (θd(k)) =

θd(k) θ̇d(k) θ̈d(k) relay(θ̇d(k))

T
, (9)

with

relay(x(k)) =



1 if x(k) > 0
−1 if x(k) < 0
relay(x(k − 1)) if x(k) = 0,

(10)

and relay(x(0)) = 0. It transforms θd such that the
input to gϕ contains all relevant physical quantities to
make predictions about the required force. For example,
T (θd(k)) contains the reference velocity θ̇d to learn com-
plex friction characteristics, and a relay of the velocity to
approximate hysteresis characteristics without requiring a
recurrent network architecture, thereby greatly simplifying
optimization.

4. SEPARATING PHYSICAL MODEL AND NEURAL
NETWORK CONTRIBUTIONS

The neural network Cϕ is also able to learn and compen-
sate dynamics included in the physical model Mζ and
thus there exists multiple parameters ζ, ϕ that produce
the same input-output behaviour of Fζ,ϕ, i.e., the PGNN
parametrization (1) is unidentifiable. Consequently, the
physical model and neural network need not be comple-
mentary. By regularizing the neural network contribution
fC in the output space of the physical model, a specific
solution on this manifold is selected, namely the one in
which modeled dynamics are compensated by the physical
model component and not by the neural network.

4.1 Least-Squares And Consequences of Unidentifiability

To illustrate unidentifiability, the least-squares cost func-
tion is decomposed in two orthogonal subspaces, one
spanned by the physical model (locally, given some fixed
parameter) and one as its orthogonal complement, from
which it is apparent that the neural network can have
a contribution in the subspace spanned by the physical
model, resulting in unidentifiability.

Consider the least-squares criterion JLS penalizing resid-
uals between the output of Fζ,ϕ(θ(k)) and the required
input û(k) for this θ(k), i.e.,

JLS =

N
k=1

∥û(k)− (fM(k) + fC(k))∥22 ∈ R≥0. (11)

To decompose this cost function into orthogonal sub-
spaces, the physical model parameters are split into two
subsets ζl, ζn, such that, given ζn, fM is linear in ζl, i.e.,

ζl = [m Jxx d]
T ∈ RNζl ζn = [y z] ∈ RNζn . (12)
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Then, the physical model response can be written as

fM(k) = [x1,ζn(θd(k)) x2(θd(k)) x3(θd(k))] [m Jxx d]
T

= Xζn(θd(k))ζl (13)

with (ζn-dependent) basis functions

x1,ζn(θ) = (y2 + z2)θ̈ + g(y cos(θ)− z sin(θ)) cos(ϕ)

x2(θ) = θ̈ x3(θ) = θ̇.
(14)

Now, represent finite-time signal û(k), k = 1, . . . , N as a
vector, i.e.,

û = [û(1) û(2) . . . û(N)]
T ∈ RN , (15)

and similarly for θd, fM, fC . Then, fM can be written as

fM = Xζn(θd)ζl, (16)

with finite-time basis function matrix

Xζn(θd) =
[
XT

ζn(θd(1)) . . . XT
ζn(θd(N))

]T ∈ RN×Nζl .
(17)

Based on (16), the output space of the physical model
for any ζl, given ζn, is formed by the image of the basis
function matrix Xζn evaluated for the data θd, and can be
represented through, e.g., a singular value decomposition
(SVD). More specifically, consider the SVD of Xζn as

Xζn(θd) = [U1,ζn U2,ζn ]
[
Σζn 0
0 0

] [V T
1,ζn

V T
2,ζn

]
, (18)

with Σζn ∈ Rr×r, r = rank(Xζn), and U1,ζn ∈ RN×r,
U2,ζn ∈ RN×N−r such that [U1,ζn U2,ζn ] is an orthonormal
matrix, i.e.,

UT
1,ζnU1,ζn = Ir UT

2,ζnU1,ζn = 0 UT
2,ζnU2,ζn = IN−r.

(19)
Then, U1,ζn forms a basis for the image of Xζn , i.e., the
output fM of the physical model for any ζl, given ζn, lies
in the subspace spanned by U1,ζn .

Consider again JLS in (11), which with above finite-time
notation can also be written as

JLS = ∥û−Xζn(θd)ζl − gϕ(T (θd))∥
2
2 . (20)

Given basis U1,ζn of the physical model output space, (20)
is decomposed into U1,ζn and complement U2,ζn as (Kon
et al., 2022)

JLS =

∥∥∥∥
[
UT
1,ζn û

UT
2,ζn û

]
−
[
ΣζnV

T
1,ζnζl + UT

1,ζngϕ(T (θd))

UT
2,ζngϕ(T (θd))

]∥∥∥∥
2

2

.

(21)
in which it is used that i) multiplying by U1,ζn does
not change the norm, ii) Xζn(θd) = U1,ζnΣζnV

T
1,ζn

, iii)

UT
2,ζn

UT
1,ζn

= 0, and iv) U1,ζnU
T
1,ζn

+UT
2,ζn

U2,ζn = I. In the

decomposed cost function (21), UT
1,ζn

gϕ(T (θd)) represents
the neural network contribution in the subspace spanned
by the physical model, such that dynamics can be freely
interchanged as long as gϕ(T (θd)) can have a contribution
in UT

1,ζn
, revealing the unidentifiability.

4.2 Ensuring Complementarity through Regularization

To ensure that the physical model learns all dynamics
that fit in (5), the neural network contribution (7) in the
subspace of the physical model U1,ζn is penalized through
orthogonal projection-based regularization, ensuring com-
plementarity between the physical model and neural net-
work.

More specifically, the orthogonal projection-based regular-
ization (OP-regularization) is defined as

R(ϕ) =
∥∥∥UT

1,ζ0
n
gϕ(T (θd))

∥∥∥
2

2
∈ R≥0, (22)

where ζ0n is an initial estimate of ζn, obtained here from
the best physical model fit. This regularization penalizes
neural network contributions gϕ(T (θd)) in the output
space of the physical model U1,ζ0

n
, such that the neural

network focuses on learning unmodeled dynamics in U2,ζ0
n
.

As such, regularization (22) can be seen as targeted L2-
regularization, where only the weight directions generating
a contribution in U1,ζ0

n
are shrunk.

The feedforward parametrization (1) is then optimized
according to

min
ζ,ϕ

JOP = min
ζ,ϕ

JLS + λR(ϕ), (23)

with user-defined regularization parameter λ ∈ R≥0 cre-
ating a spectrum between the least-squares case for λ = 0
and full orthogonality for λ → ∞. Since gϕ only has
finitely many degrees of freedom, in practice there exists a
trade-off between not having a contribution in U1,ζ0

n
and

capturing unmodeled dynamics in U2,ζ0
n
, and λ = 10−1

works well for most problems.

Although ζn is also updated during optimization of (23),
thus changing U1,ζn , recursively updating U1,ζn in (22)
to more accurately match the true physical model output
space does not yield different results from a fixed initial-
ization in practice: the best physical model fit provides a
good enough approximation to ensure complementarity.

5. PERFORMANCE IMPROVEMENT ON AN
INTERVENTIONAL X-RAY SYSTEM

The OP-regularized PGNN is validated on the interven-
tional X-ray setup described in Section 2. It is shown
that the PGNN improves the tracking performance by a
factor of 5 (Section 5.2), and that the physical model and
neural network contributions are complementary due to
OP-regularization (Section 5.3).

5.1 Hyperparameters and Optimization Details

An input-output dataset consisting of input u and corre-
sponding plant output θ for nominal operating conditions
of the interventional X-ray is generated using feedback
control, and split into 80% train, 10% test and 10%
validation. Based on a hyperparameter study, the neural
network has L = 2 hidden layers with 30 neurons each
and tanh activation functions. The PGNN is trained with
OP-regularization using ADAM (Kingma and Ba, 2015)
with minibatching and early stopping based on the vali-
dation set with a patience of 5 minibatches. The physi-
cal model parameters are initialized corresponding to the
best approximation using only the physical model. The
trained feedforward controllers are evaluated based on the
root-mean-square norm RMS(s) = sqrt(N−1

∑N
k=1 s(k)

2),

mean absolute norm MA(s) = N−1
∑N

k=1 |s(k)| and max
absolute norm ∥s∥∞ = maxNk=1 |s(k)|.

5.2 Performance Improvement over Physical-Model-Based
Feedforward Control

The PGNN feedforward parametrization (1) significantly
improves the performance over a purely physical-model-
based approach, both in terms of matching the required
input û from a dataset, as well as decreasing tracking errors
during realtime evaluation, as detailed next.
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T
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Consider again JLS in (11), which with above finite-time
notation can also be written as
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Given basis U1,ζn of the physical model output space, (20)
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, iii)
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gϕ(T (θd)) represents
the neural network contribution in the subspace spanned
by the physical model, such that dynamics can be freely
interchanged as long as gϕ(T (θd)) can have a contribution
in UT
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, revealing the unidentifiability.

4.2 Ensuring Complementarity through Regularization

To ensure that the physical model learns all dynamics
that fit in (5), the neural network contribution (7) in the
subspace of the physical model U1,ζn is penalized through
orthogonal projection-based regularization, ensuring com-
plementarity between the physical model and neural net-
work.

More specifically, the orthogonal projection-based regular-
ization (OP-regularization) is defined as

R(ϕ) =
∥∥∥UT
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2
∈ R≥0, (22)

where ζ0n is an initial estimate of ζn, obtained here from
the best physical model fit. This regularization penalizes
neural network contributions gϕ(T (θd)) in the output
space of the physical model U1,ζ0
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, such that the neural

network focuses on learning unmodeled dynamics in U2,ζ0
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.

As such, regularization (22) can be seen as targeted L2-
regularization, where only the weight directions generating
a contribution in U1,ζ0
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are shrunk.

The feedforward parametrization (1) is then optimized
according to

min
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JOP = min
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with user-defined regularization parameter λ ∈ R≥0 cre-
ating a spectrum between the least-squares case for λ = 0
and full orthogonality for λ → ∞. Since gϕ only has
finitely many degrees of freedom, in practice there exists a
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works well for most problems.

Although ζn is also updated during optimization of (23),
thus changing U1,ζn , recursively updating U1,ζn in (22)
to more accurately match the true physical model output
space does not yield different results from a fixed initial-
ization in practice: the best physical model fit provides a
good enough approximation to ensure complementarity.

5. PERFORMANCE IMPROVEMENT ON AN
INTERVENTIONAL X-RAY SYSTEM

The OP-regularized PGNN is validated on the interven-
tional X-ray setup described in Section 2. It is shown
that the PGNN improves the tracking performance by a
factor of 5 (Section 5.2), and that the physical model and
neural network contributions are complementary due to
OP-regularization (Section 5.3).

5.1 Hyperparameters and Optimization Details

An input-output dataset consisting of input u and corre-
sponding plant output θ for nominal operating conditions
of the interventional X-ray is generated using feedback
control, and split into 80% train, 10% test and 10%
validation. Based on a hyperparameter study, the neural
network has L = 2 hidden layers with 30 neurons each
and tanh activation functions. The PGNN is trained with
OP-regularization using ADAM (Kingma and Ba, 2015)
with minibatching and early stopping based on the vali-
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Feedforward Control

The PGNN feedforward parametrization (1) significantly
improves the performance over a purely physical-model-
based approach, both in terms of matching the required
input û from a dataset, as well as decreasing tracking errors
during realtime evaluation, as detailed next.

Performance on Dataset Fig. 4 shows the generated
input f for the PGNN and a purely physical-model-based
approach, and compares it to the required input û. The
increased match between f and û obtained by learning the
configuration-dependent friction and cable characteristics
is substantiated by Table 2, illustrating that the PGNN
has a of factor 10 smaller input residuals.

Realtime Performance Fig. 5 compares the tracking
errors of the PGNN, purely physical-model-based, and
no feedforward controller for a trajectory different from
the training data, but with similar maximum velocity and
acceleration. The reduction in tracking error due to the
inclusion of a neural network is quantified by Table 1 which
summarizes the performance norms of the tracking error.
The PGNN feedforward controller improves the tracking
error by a factor of 5 compared to a physical-model-based
approach in terms of MA and RMS norm. The Inf norm is
unaltered, as both approaches suffer from transients after
stationary periods that cause these errors.

Table 1. Error norms [deg] for roll axis.

MA(e) RMS(e) ∥e∥∞
Feedback 0.402 0.522 1.401

Physical model 0.095 0.117 0.279
PGNN 0.020 0.029 0.269

5.3 Complementarity of Neural Network

In addition to improving performance, the orthogonal
projection-based regularization (22) also ensures comple-
mentarity between the physical model and neural network
in PGNN parametrization (1). Fig. 6 shows the physical
model and neural network component of the PGNN for
the same interval as Fig. 4, for both a PGNN trained
with JLS in (11) (default PGNN), and one trained with

Fig. 4. The PGNN feedforward controller generates input
( ) that matches the required input û ( ), learning
the friction and cable forces that change as a function
of the configuration (scaled velocity ). In contrast,
the physical-model-based feedforward controller ( )
does not include these hard-to-model phenomena,
instead generating an input with a similar average
slope, resulting in predictable residuals.

OP-regularized criterion JOP in (23) (PGNN-OP), from
which it follows that a least-squares criterion indeed can
result in non-complementary contributions, resulting in an
uninterpretable physical model that cannot be used as a
baseline.

Table 2 shows that both the default PGNN and PGNN-
OP can generate the required input û up to the same
accuracy, but the PGNN-OP requires significantly less
neural network contribution due to the regularization
enforcing complementarity.

Table 2. Residual ε = û− f norms [V].

MA(ε) RMS(ε) ∥ε∥∞ RMS(fC)

Physical model 0.262 0.321 1.131 0.000
PGNN-OP 0.016 0.038 0.842 0.325

Default PGNN 0.020 0.046 0.711 1.410

6. CONCLUSION

Physics-guided neural networks are used to learn and
subsequently compensate hard-to-model dynamics such as
cable forces and configuration-dependent friction charac-
teristics in an interventional X-ray setup. In this PGNN,
the nonlinear equation of motion of one of the X-ray’s axis
is complemented by a feedforward neural network. The
orthogonal projection-based regularizer for this physical
model is derived and used during simultaneous optimiza-
tion to successfully ensure complementarity of the two
components. Application of the PGNN results in a factor 5
improved tracking error while maintaining an interpretable
physical model that can be used as a baseline.

Fig. 5. The PGNN feedforward controller ( ) compen-
sates almost all dynamics, resulting in a tracking error
of a few encoder counts (indicated in the inset). In
contrast, the physical-model-based feedforward con-
troller ( ) improves upon the feedback only case
( ), but still contains predictable errors from un-
compensated dynamics. All approaches suffer from
transient errors after stationary periods ( ) with zero
velocity reference ( ), potentially caused by stick-
slip behaviour.
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Fig. 6. The PGNN feedforward parametrization Fζ,ϕ is
unidentifiable, i.e., there exists multiple parameter
sets ζ, ϕ resulting in different physical model ( ) and
neural network ( ) contributions that together ( )
generate the required input û ( ). Consequently,
training with a least-square criterion (upper) can re-
sult in non-complementary contributions and an unin-
terpretable physical model. In contrast, training with
orthogonal projection-based regularization (lower) re-
sults in complementary contributions, such that the
physical model component remains interpretable and
can be used as a baseline. ( ) represents the scaled
velocity reference.
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