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Delta robots are parallel kinematic machines used for fast handling tasks such as pick-and-
place. The parallel structure keeps the moving mass low and allows high accelerations,
but it also makes the dynamics difficult to model: the inertia at each drive depends on
the platform position, the axes are coupled, and friction and the handled payload con-
tribute additional torques. A rigid-body model describes the inertia, Coriolis and gravity
terms, but does not always capture friction, payload-dependent effects or deviations in
the assumed parameters. These remaining effects can be identified from measurements
of the real machine. Identifying the complete dynamics from data instead would discard
the physical knowledge that is already available and yield a model that is difficult to
verify. This work retains the rigid-body model from [1] and identifies only the unmodeled
dynamics, using sparse regression. This residual approach is compared with alternative
combinations of regression target and model class.

Joint torques are reconstructed from measured motor currents, and the residual AT =
T meas — Tnom (d; 4, ) 1s formed using measurement and the nominal rigid-body prediction.
By design this residual contains everything the rigid-body model does not explain. It is
approximated as a sparse linear combination AT =~ ©¢ of candidate functions comprising
velocity-dependent friction terms (viscous, smoothed Coulomb), configuration-dependent
terms for gravity and inertia mismatch, and acceleration-proportional terms for payload

and coupling effects, with & obtained by sparse regression [2, 3].

To separate the effect of the model formulation from that of the regression method, four
models are identified by combining both choices: total torque or residual, and sparse
regression or neural network. This gives a full sparse model, a full neural network, a
residual neural network, and the residual sparse model. All four are fitted on excitation
trajectories, tuned on a common validation set and evaluated on a structurally different,
unseen test trajectory.

The residual sparse model achieves the lowest error on the unseen trajectory, reducing
torque RMSE by 42% and MAE by 65% relative to the nominal model. More informative
than the ranking is the structure of the result: the dominant factor is the regression target
rather than the model class, with both residual formulations transferring better than either
full-signal model. Retaining the nominal model means the identified part represents only
the small, structurally simple remainder, while the nominal dynamics part continues to
extrapolate where the learned part does not. The identified sparse residual model uses 34
active terms out of 60 candidates, against 5433 parameters in the residual network, and
those terms are directly readable. This enables a direct physical plausibility check that is
not available to the same extent for a black box model, and, it means the minimal model
is extended rather than replaced. The intended application is model based feedforward



compensation through the command channel of the existing control [4]. The closed loop
benefit of the presented identification is however yet to be proven.
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Figure 1: Parity of predicted versus measured joint torque for axis 1 on the held-out test
program, with the dashed line indicating ideal agreement and all panels sharing identical
binning and density scaling.

References

[1] Asadi, F.; Heydari, A.: Analytical dynamic modeling of Delta robot with experimental
verification. Proceedings of the Institution of Mechanical Engineers, Part K: Journal
of Multi-body Dynamics, Vol. 234, No. 3, pp. 623-630, 2020. http://dx.doi.org/
10.1177/1464419320929160

[2] Brunton, S.L.; Proctor, J.L.; Kutz, J.N.: Discovering governing equations from data
by sparse identification of nonlinear dynamical systems. Proceedings of the National
Academy of Sciences, Vol. 113, No. 15, pp. 3932-3937, 2016. http://dx.doi.org/
10.1073/pnas.1517384113

[3] Tibshirani, R.: Regression shrinkage and selection via the lasso. Journal of the Royal
Statistical Society Series B: Statistical Methodology, Vol. 58, No. 1, pp. 267-288, 1996.
http://dx.doi.org/10.1111/j.2517-6161.1996.tb02080.x

[4] Pfeifer, D.; Baur, M.; Scheifele, C.; Fehr, J.: Dynamics-based Feedforward Control
of CNC-controlled Robots using Digital Twins from Virtual Commissioning with FEx-
tended Dynamical Behavior. In IEEE/SICE International Symposium on System In-
tegration, 2026. https://doi.org/10.1109/S1164115.2026.11404707



