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Spain

Abstract

The contact force between the pantograph and the overhead contact line is a funda-

mental indicator of the mechanical performance of railway current collection systems.

Existing measurement techniques rely on instrumented pantographs, requiring struc-

tural modifications that increase system complexity and limit large-scale deployment.

This paper presents and experimentally validates a fully non-intrusive methodology

for estimating the pantograph contact force using acceleration, displacement, and pres-

sure measurements only.

The proposed strategy decomposes the estimation problem into two frequency do-

mains. The very low-frequency component of the contact force is reconstructed from

the pressure signal of the pantograph uplift mechanism, while the remaining frequency

content is solved by an inverse dynamic problem based on acceleration and displace-

ment measurements. Contact force estimation is performed using Kalman-filter-based

models, and three different formulations are investigated and compared. Model pa-

rameters are optimised to ensure a fair assessment of each approach. Two sensing con-

figurations are considered: combined acceleration and displacement measurements,

and acceleration-only measurements.
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The methodology is validated experimentally using a laboratory test bench equipped

with a real pantograph, where the estimated contact force is compared with a reference

force measured at the application point.

Keywords: pantograph–catenary interaction, inverse dynamics, indirect force estima-

tion, augmented Kalman filter, optimisation, monitoring.

1 Introduction

1.1 Background

Electric trains collect power through a pantograph that maintains sliding contact with

the overhead contact line (OCL). The mechanical quality of this interaction is com-

monly assessed by the time-varying contact force (CF) at the pantograph–catenary

interface. For this reason, extensive research has been devoted to predictive modelling

of the contact force [3], as well as to its experimental measurement for homologation

and condition monitoring purposes [8].

Due to the sliding nature of the contact, direct measurement of the contact force is

not feasible. Industrial practice therefore relies on instrumented pantographs, where

force transducers are integrated into the structure and combined with correction pro-

cedures based on additional measurements. Although effective, this approach requires

structural modifications of the pantograph, increasing cost and limiting applicability.

As a result, there is increasing interest in alternative measurement strategies that avoid

any modification of the pantograph structure.

1.2 Problem of interest

This work addresses the problem of estimating the contact force acting on an oper-

ating pantograph without altering its structural components. Only acceleration and

displacement measurements are considered for the indirect estimation of the contact

force, which requires solving an inverse dynamic problem. In this study, classical

model-based approaches are adopted.

Acceleration and displacement signals alone are insufficient to recover the mean

value and very low-frequency components of the contact force. To overcome this

limitation, the pressure signal of the pantograph uplift mechanism is exploited to re-

construct the low-frequency content of the force. The proposed methodology is ex-

perimentally evaluated using a laboratory test bench equipped with a real pantograph,

where the estimated force can be directly compared with a reference measurement.

In accordance with the European Standard EN 50317 [8], which specifies a contact

force evaluation bandwidth of 0–20 Hz, the present study focuses on force estimation

within this frequency range.
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1.3 Literature review

Contact force measurement in pantograph–catenary systems is regulated by the Eu-

ropean Standard EN 50317 [8], which prescribes the use of force transducers located

close to the contact interface. The difference between the measured force and the

actual contact force is attributed to inertial and aerodynamic effects and is compen-

sated using additional measurements. This approach is widely adopted in industry,

with various implementations reported in the literature, such as comparisons between

fibre Bragg grating sensors and electrical sensors [2]. Nevertheless, the variability

observed in these measurements highlights the intrinsic difficulty of indirect contact

force estimation.

Kalman-filter-based techniques [14] are widely used for indirect force estimation

in structural dynamics, enabling the reconstruction of unknown excitation forces from

noisy displacement, velocity, or acceleration measurements. A commonly adopted

strategy is state augmentation, also referred to as the Augmented Kalman Filter (AKF)

[12], in which the unknown force is modelled as an additional state driven by a

stochastic process. While broadly applicable, the accuracy of this approach strongly

depends on the assumed force dynamics, which may lead to over-smoothing or loss

of identifiability if improperly modelled. An alternative class of methods consists of

unbiased minimum-variance (UMV) estimators [11], which allow simultaneous esti-

mation of system states and unknown inputs without augmenting the state vector [7].

These methods are computationally efficient but require specific conditions on the

system matrices. A comprehensive overview of Kalman-filter-based approaches for

unknown-input systems is provided by Pan et al. [13], including UMV estimators,

projection-based two-stage filters, and extensions to non-linear systems using EKF or

UKF formulations.

Kalman-filter-based approaches have also been applied to pantograph systems.

In [6], an AKF is used to estimate the contact force from acceleration and displacement

measurements using a linear pantograph model with a simplified catenary representa-

tion. Camera-based displacement measurements combined with Kalman filtering are

considered in [4], where recursive least squares are employed to improve estimation

accuracy [10].

Data-driven methods have recently gained attention in this context. Neural net-

works and recurrent architectures such as LSTM models have been proposed as sur-

rogate models for pantograph–catenary simulations [5, 15–17]. Applications directly

related to contact force estimation include ANN-based prediction of contact force

statistics from acceleration measurements [9] and hybrid CNN–GRU models trained

on simulated data for inverse force estimation [1]. However, experimental validation

of such approaches remains limited.
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1.4 Research highlights

This paper proposes a fully non-intrusive methodology for estimating the pantograph

contact force using acceleration, displacement, and pressure measurements. The pres-

sure signal of the uplift mechanism is exploited to reconstruct the very low-frequency

components of the force (below 0.5 Hz), while the remaining frequency content is

estimated through inverse dynamic analysis based on motion measurements.

Three Kalman-filter-based formulations are investigated and compared: (1) a stan-

dard Augmented Kalman Filter, (2) an Augmented Kalman Filter with coloured noise

modelling, and (3) an Augmented Kalman Filter with mixed equations. Since the per-

formance of each approach depends on multiple modelling and tuning parameters, all

configurations are optimised to ensure a fair comparison.

The analysis is carried out for two sensing configurations: combined acceleration

and displacement measurements, and acceleration-only measurements, allowing the

influence of displacement information on estimation accuracy to be assessed. The

proposed methodology is experimentally validated using data from a laboratory test

bench equipped with a real pantograph, where the estimated contact force is compared

with a directly measured reference force.

2 Methodology

The objective of this work is to estimate the contact force acting on a pantograph using

a fully non-intrusive approach, i.e., without any structural modification of the panto-

graph, thereby simplifying implementation with respect to conventional measurement

techniques. The proposed methodology is implemented and validated in a laboratory

environment using the experimental test bench shown in Fig. 1. The test rig enables:

(1) the application of a prescribed vertical displacement to the pantograph through a

linear actuator and (2) the direct measurement of the force exerted by the actuator on

the pantograph, which is used as reference.

The sensing setup mounted on the pantograph includes: (3) accelerometers in-

stalled on the panhead, (4) a displacement sensor measuring the panhead vertical po-

sition, and (5) a pressure sensor installed in the uplift mechanism. Unless otherwise

stated, all measured signals are low-pass filtered at 20 Hz.

Since constant and very low-frequency forces have a negligible effect on acceler-

ation and displacement responses, contact force estimation is performed by separat-

ing the force into low- and high-frequency components, using a cut-off frequency of

0.5 Hz, as illustrated in Fig. 1. The low-frequency component of the contact force,

denoted as fLo(t), is obtained from the pressure signal of the uplift mechanism. The

measured pressure signal p(t) is first low-pass filtered at 0.5 Hz and subsequently

mapped to force through a calibrated linear relationship:

fLo(t) = c0 + c1 p(t),

where the coefficients c0 and c1 are identified experimentally.
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The high-frequency component of the contact force, fHi(t), is estimated using

Kalman-filter-based inverse dynamic approaches described in Section 2.1. These

methods rely on acceleration a(t) and displacement z(t) measurements acquired at

the force application point.

The total estimated contact force is finally reconstructed as:

f(t) = fLo(t) + fHi(t),

and compared against the reference force f ∗(t) measured directly by the test bench.

Set of tests

Training

Validation

z(t)

a(t)

p(t)

Kalman

Filter

Linear model

c0 + c1p(t)
0.5 Hz

low-pass

fHi(t)

fLo(t)

f(t)

f∗(t)

(1)

(2)

(3)

(4)

(5)

Figure 1: Test bench and indirect measurement set up used in this work.

2.1 Kalman Filter approaches

As summarised in Fig. 1, the Kalman Filter (KF) block is responsible for estimating

the high-frequency component of the contact force in the 0.5–20 Hz range. The filter

is driven by acceleration and displacement measurements at the pantograph contact

point. Although the formulation initially assumes that both measurements are avail-

able, an acceleration-only configuration is also investigated.

Three Kalman-filter-based formulations are considered: (1) Augmented Kalman

Filter (AKF), (2) Augmented Kalman Filter with coloured noise modelling, and (3)

Augmented Kalman Filter with mixed kinematic–dynamic equations.

Kalman filtering is a well-established technique for system state estimation [14],

and its augmented formulation enables the simultaneous estimation of unknown ex-

ternal inputs [12]. This makes the AKF particularly suitable for the inverse force

estimation problem addressed in this work. As a model-based approach, the method
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Figure 2: Pantograph linear model.

requires a mechanical model of the pantograph. A commonly adopted three-degree-

of-freedom lumped-mass pantograph model [3] is used, consisting of masses, springs,

and dampers, as illustrated in Fig. 2.

In contrast to approaches that explicitly model the catenary [6], only the pantograph

dynamics are included here, since the relationship between the excitation force and

the measured variables can be fully described by the pantograph model. The linear

dynamics of the pantograph are governed by:

Mü+Cu̇+Ku = Sf, (1)

where M, C, and K denote the mass, damping, and stiffness matrices, respectively, u

is the displacement vector, f is the unknown external force, and S is the force selection

matrix.

Assuming a zero-order hold discretisation, the system can be expressed in discrete-

time state-space form as:

xk+1 = Fxk +Gfk +wk, (2)

with the state vector defined as:

xk =

[
u̇k

uk

]

, (3)

where wk represents zero-mean Gaussian process noise with covariance matrix Q.

The measurement equation is written as:

yk = Hxk + Jfk + vk, (4)

where vk is zero-mean Gaussian measurement noise with covariance R.

The state extension can be done by including the external force as an additional

state variable. In order to estimate the unknown force fk, it is modeled as a gaussian

process:

fk+1 = fk + ηk (5)

where ηk is a zero-mean Gaussian noise with variance Qf that should be an estimation

of the variance of the force increment ∆f = fk+1 − fk.
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The augmented state vector is then defined as:

xa
k =





u̇k

uk

fk



 (6)

Using this augmented state vector, the discrete-time state-space model in Eq. (2)

can be rewritten as:

xa
k+1 =

[
F G

0 I

]

︸ ︷︷ ︸

Fa

xa
k +

[
wk

ηk

]

(7)

Similarly, the measurement equation becomes:

yk =
[
H J

]

︸ ︷︷ ︸

Ha

xa
k + vk (8)

This augmented formulation allows the simultaneous estimation of the system states

and the unknown external force by means of a standard Kalman filter applied to the

augmented system.

From this point three different approaches (A1, A2 and A3) can be followed to

estimate the contact force.

2.1.1 A1: AKF with acceleration in the measurement

The measurement vector of Eq. (8) consists of the displacement and acceleration at

the pantograph contact point, corresponding to u1 and ü1 in the lumped-mass model:

yk =
[
ü1,k u1,k

]⊤
(9)

While the displacement component can be directly expressed as a linear function

of the state vector, the acceleration component must be reformulated using the sys-

tem dynamics in Eq. (1). To this end, the measurement vector is written as a linear

combination of accelerations, velocities, and displacements:

yk = Saük + Svu̇k + Sduk. (10)

By substituting the acceleration term using Eq. (1), the measurement matrices in

Eq. (8) are obtained as:

H =
[
Sv − SaM

−1C Sd − SaM
−1K

]
, J = SaM

−1S. (11)

The augmented state-space system defined by Eqs. (7) and (8) can then be esti-

mated using a standard Kalman Filter, with the contact force obtained directly from

the augmented state vector.
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2.1.2 A2: AKF with coloured noise

In the previous formulation, the unknown contact force is modelled as a random walk

driven by white noise, as defined in Eq. (5). However, this assumption may be re-

strictive when the force exhibits limited bandwidth. To account for this behaviour, the

force increment noise is modelled as coloured noise generated by a first-order filter:

ηk+1 = Af ηk + ξk, (12)

where ξk is zero-mean Gaussian white noise with covariance Qξ.

The coefficient Af corresponds to a discrete-time low-pass filter and is defined as:

Af = exp(−ωc∆t), (13)

where ωc denotes the assumed cut-off frequency of the contact force dynamics.

To incorporate this model, the system state vector is further augmented by the

coloured noise state, resulting in:

xa
k+1 =





F G 0

0 1 1
0 0 Af



xa
k +





wk

0

ξk



 , (14)

with the augmented state vector defined as:

xa
k =

[
xk fk ηk

]⊤
.

The corresponding measurement equation becomes:

yk =
[
H J 0

]
xa
k + vk, (15)

where the measurement matrices H and J are identical to those defined in Eq. (11).

A standard Kalman Filter applied to this augmented system yields simultaneous esti-

mates of the system states and the contact force.

2.1.3 A3: AKF with mixed kinematic–dynamic formulation

In this approach, acceleration measurements are treated as known inputs to the esti-

mation problem rather than as outputs of the dynamic model.

The degrees of freedom (d.o.f.) are divided into two groups. Group a includes

the d.o.f. for which acceleration measurements are available, while group b contains

the remaining d.o.f. The displacement vector is partitioned as u = [uaub]
⊤. The

equations of motion in Eq. (1) are accordingly partitioned as:

[
Maa Mab

Mba Mbb

] [
üa

üb

]

+

[
Caa Cab

Cba Cbb

] [
u̇a

u̇b

]

+

[
Kaa Kab

Kba Kbb

] [
ua

ub

]

=

[
fa
f b

]

. (16)
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For the d.o.f. in group a, the dynamic equations are replaced by kinematic state-

space relations:
[
üa

u̇a

]

=

[
0 0

I 0

] [
u̇a

ua

]

+

[
I

0

]

aa, (17)

where aa denotes the measured acceleration.

By combining the kinematic equations for group a and the dynamic equations for

group b, the continuous-time state-space system is obtained and it can be written in

discrete time scheme in the shape of Eq. (2).

In this work, acceleration and displacement measurements are available only for

the first degree of freedom, which therefore belongs to group a. External forces acting

on the remaining degrees of freedom are assumed to be zero.

The system output is defined as the displacement of group a: y = ua + v, where v

denotes zero-mean Gaussian measurement noise with covariance R.

The Kalman Filter uses the measured acceleration as an input and the measured

displacement for the correction step. After estimating the system states, the contact

force acting on group a is recovered in a post-processing step using the dynamic equi-

librium:

fa = Maaüa +Caau̇a +Kaaua +Mabüb +Cabu̇b +Kabub, (18)

where the acceleration of group b is obtained from:

üb = M−1

bb (f b −Mbaaa −Cbbu̇b −Kbbub −Cbau̇a −Kbaua) . (19)

3 Optimisation

The performance of the Kalman Filter approaches described in Section 2.1 depends

on a set of user-defined parameters. In this work, these parameters are determined

through an optimisation procedure to ensure that each approach is evaluated under its

best achievable performance, enabling a fair comparison. While most parameters are

optimised, some are fixed based on physical considerations or to limit computational

cost.

Certain parameters can be estimated directly from measured signals. In particular,

the process noise associated with the contact force represents the variance of the force

increments. In the pantograph-catenary interaction, the acceleration of the upper mass

m1 largely dominates the contact force dynamics. Assuming f ≈ m1a, the process

noise for the contact force can be approximated as:

Qf = Var(ηk), with ηk = fk+1 − fk. (20)

For the coloured-noise Kalman Filter (A2), the noise variance Qη is similarly esti-

mated from the filtered increments:

Qη = Var(ξk), with ξk = ηk+1 − Afηk = fk+2 − fk+1 − Af(fk+1 − fk). (21)
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To reduce the number of optimisation variables, the process noise and measurement

covariance matrices Q and R are assumed diagonal and identical across all degrees of

freedom:

Q =

[
QvI3 0

0 QuI3

]

, R =

[
Ra 0
0 Rz

]

, (22)

where Qv, Qu are the process noise variances for velocity and displacement, and Ra,

Rz are the measurement noise variances for acceleration and displacement.

The parameters optimised in this study include the pantograph model coefficients,

the cut-off frequency of the coloured-noise filter (for A2 only), and the diagonal noise

covariances: k1, k2, k3,c1, c2, c3,m1, m2, m3, ωc, Qv, Qz, Ra and Ra.

The optimisation procedure is illustrated in Fig. 3. Each approach is trained inde-

pendently on the training set. The predicted contact force (high-frequency component

above 0.5 Hz) is compared with the measured force, and the error is computed. The

optimisation algorithm iteratively adjusts the parameters to minimise this error.

Dataset

Training

z(t)

a(t)

p(t)

Kalman

Filter

Optimisation

algorithm
Parameters

0.5 Hz

high-pass

fHi(t)

f∗(t)

Error

Figure 3: Parameter optimisation strategy.

A Genetic Algorithm (GA) is employed for parameter optimisation. GA is a population-

based global optimisation method suitable for high-dimensional problems with com-

plex objective functions. The algorithm starts from an initial population centred around

nominal parameter values. Over multiple generations, selection and variation opera-

tors evolve the population toward lower prediction errors. Parameter bounds are en-

forced, and parallel evaluation accelerates computation. The optimisation is run for

sufficient generations to converge toward a global or near-global minimum of the con-

tact force prediction error.

4 Results

The parameter optimisation described in Section 3 is performed using the dataset pre-

sented below. The performance of the different Kalman Filter approaches is then

compared. Finally, to validate the methodology for low-frequency contact force pre-

diction, tests with varying pantograph uplift pressure are performed.

Three types of displacement signals are imposed on the pantograph to generate

the dataset. Chirp signal: frequency increases linearly with time while amplitude
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decreases linearly, different amplitudes are use for the training dataset. Pseudo signal:

superposition of harmonic functions with random phases, different amplitudes are use

for the training dataset. Catenary signal: displacement of the contact wire from

simulated pantograph-catenary interaction at different velocities, 225 and 300 km/h

for the training dataset and 250 and 275 km/h for the validation dataset.

The normalized root mean square error (NRMSE) is used to evaluate the perfor-

mance of the different Kalman Filter approaches in predicting the contact force.

Figure 4 compares the NRMSE for approaches A1, A2, and A3 across both Prob-

lem 1 (acceleration + displacement measurements) and Problem 2 (acceleration only).

Results are reported separately for training and validation datasets. Approach A3

(AKF with mixed formulation) achieves the lowest error. Importantly, there is no sig-

nificant increase in error when using only acceleration measurements (Problem 2),

indicating that the method can be effectively applied without displacement sensors.

Figure 4: Comparison of different Kalman Filter strategies (A1, A2, A3) in terms of

NRMSE. Results are shown for training and validation datasets for both

Problem 1 and Problem 2.

In order to illustrate the temporal fitting between prediction and real force, Fig. 5

shows representative time histories of the predicted and measured contact force using

approach A3 for the validation dataset in Problem 2, respectively.

The contact force below 0.5 Hz is estimated from the pressure measurement of the

pantograph uplift mechanism (Fig. 1). To validate this, a test is conducted with varying

pressure in the mechanism. Figure 6 shows the predicted contact force obtained by

combining the low-frequency component from the pressure measurement with the

high-frequency prediction from approach A3 (Problem 1). The moving average of the

contact force is accurately captured, demonstrating the efficacy of this approach for

low-frequency force reconstruction.
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Figure 5: Approach A3 for validation tests of Problem 2: catenary signals at 250 km/h

and 275 km/h.
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Figure 6: Approach A3 for validation test of Problem 1: catenary signal at 250 km/h

with pressure variations.

5 Concluding remarks

This work addressed the problem of estimating the contact force acting on a railway

pantograph by means of a fully non-intrusive approach, avoiding any structural mod-

ification of the system. The proposed methodology combines pressure measurements

from the uplift mechanism with displacement and acceleration measurements on the

panhead, enabling the reconstruction of the contact force over the frequency range of

interest defined by EN 50317 [8].

A two-stage estimation strategy was introduced, in which the very low-frequency

component of the contact force is obtained from the pressure signal through a cal-

ibrated linear relationship, while the higher-frequency content is reconstructed from

acceleration and displacement measurements using inverse dynamic models. This sep-
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aration was shown to be necessary, as the other measurements alone cannot provide

information on the mean force level or on very low-frequency components.

The Kalman Filter is used with three different approaches. The comparison was

carried out under identical experimental conditions and with parameter optimisation

for each approach, ensuring a fair assessment of their best achievable performance.

Furthermore, two measurement configurations were analysed—acceleration combined

with displacement, and acceleration-only (allowing the influence of displacement mea-

surements on estimation accuracy to be quantified).

The implementation was performed on a laboratory test bench with a real panto-

graph and a directly measured contact force for assessing the method. The results

demonstrate that the proposed non-intrusive framework is capable of reconstructing

the contact force with good accuracy within the target frequency range. The study

also highlights the non-necessity of including displacement measurements for contact

force estimation.
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