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Summary:

Optical elements with freeform surfaces open new degrees of freedom in the design of optical sys-
tems. Reliable measurement of shape is challenging, specially in case of strongly curved ones. A real-
ization of deflectometry, Experimental Ray Tracing, has proven to measure those surfaces with high
accuracy. A crucial step is integration of measured gradients from sampled and noisy data. A model
based method for surface reconstruction based on Radial Basis Functions (RBF) using non-linear
optimization is presented and compared to a new machine learning based RBF-Network approach.
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Background and Motivation

In last decade, freeform surfaces on optical
components have proven ability to reduce aber-
rations, size and weight of imaging and non-
imaging optical systems [1]. While specific free-
forms like aspheres already are measured with
high accuracy, those with strong deviations
from spherical or flat shape are still challenging
[2,3]. Gradient based measurement techniques
measure surface slopes instead of height, re-
ducing complexity of setup and need for high
dynamic range of sensor, but demand intensive
post processing for surface reconstruction [4,5].

One of those, Experimental Ray Tracing (ERT),
determines the direction change of a narrow
beam passing an optical element. In previous
work, method and setup to realize ERT for
measurement of reflective surfaces was intro-
duced and uncertainties were discussed [6].

Method

Here, we present the model-based reconstruc-
tion approach used, enforcing integrability and
using integration of RBF by non-linear optimiza-
tion and compare this to a new approach based
on RBFNs.

The setup is sketched in Fig. 1. For measure-
ment, the incident ray i is directed to the sur-
face under test (SUT) and reflected, with new
direction r depending on i and surface normal g
at the point of reflection. Those vectors can be
represented by direction vectors, and point of
intersection by its position vector. Sampling the

area A of SUT, one can derive surface normals
in intersection points of area of interest A by
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In Fig.1, relevant coordinate systems CS are
introduced. Those are the CS of incident ray
with the basis # describing vectors i, r, g, the

Fig. 1: Symbolic measurement setup. Device under
test in grey, investigated area A in blue. Incident
ray i, reflected ray r.

CS Camera C describing intensity distributions
on sensor, CS of Measurement plane .# identi-
fying the direction of the sampling of the SUT,
and CS of SUT with the basis S and axes x, y,
z, describing the model function of SUT with
height

z=s(x): R R,withx=(x, y))T €A (1)

Necessary coordinate transformation between
CS is eased by homogeneous coordinates [7].
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The surface normals are determined in CS C,
resulting in a surface normal at position x;
as g:°. Having all sample points acquired, nor-
mals are transferred into the CS .#. From nor-
mal’s slopes a gradient field in CS C is derived.
For numerical integration, a model of surface
using RBS (Wendland functions) is used, with
number of RBFs beeing identical to number of
sample points and centers located in the mea-
surement positions x;. Derivatives of RBF are
fitted to measured gradients. Due to uncertain-
ties and noise, an additional nonlinear optimiza-
tion step is necessary. Flow of reconstruction
process is depicted in Fig. 2.

The second method uses supervised learning
for reconstruction. A “Growing and Pruning”
RBFN was implemented, which uses deriva-
tives of the Wendland function as a basis, see
Fig. 3. That approach promises a reduction of
compute time and memory, since model is opti-
mized continuously by new measurement data.
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Fig. 3: Schematic Architec-
ture for the RBF Network. ®x
und &, are derivatives of
RBFs in x- and y-direction, c;
denotes i-th center position,
p and q are the measured
gradients in x and y direction
and § are the approximated
gradients in x and y direction.
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Fig. 2: Flowchart of the
reconstruction process.

Results

The reconstruction methods were applied in
simulation as well as in measurement. For com-
parison reasons, here the outcome of simulated
measurement of a “Franke-surface” is presen-
ted, see Fig. 4 and 5. The surface was evalu-
ated using nonlinear optimization and integra-
tion (compare Fig. 2) as well as using super-
vised learning with RBFN approach (Fig. 3).
Both methods result in extremely small devia-
tions. The optimization method also proved its
performance with real live data.

Tab. 1: Comparison of reconstruction performance.

Method RMS/normalized t/s
Integration 2.560e-4 126.312
RBFN 8.623e-6 42.583
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Fig. 4: Plots presenting a) the reconstructed “Franke”

surface and b) its deviation from the surface model
using RBF integration .

(a) (b)
Fig. 5: Comparison of reconstruction using a) least-
square RBFN and b) integration of RBF.

Conclusion

Two model-based techniques for reconstruction
of freeform surfaces from gradient data are
compared. In simulation, data-driven RBFN out-
performs integration method especially in re-
gard of processing time, but performance in real
measurement has to be investigated further.
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