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Abstract

Feed-forward backpropagation neural network has been used in fringe projection
profilometry for reconstruction of a three-dimensional (3D) object. A grating structure
comprising two regions of different spatial periods is projected on the reference surface over
which the object is placed. The shorter spatial period part of the grating is projected over the
object, whereas the longer spatial period part is projected on the reference surface only. 3D
object shape is reconstructed with the help of neural networks using images of the projected
grating. During training phase of the network, the shorter spatial period grating along with the
longer spatial period grating is used. Experimental results are presented for a diffuse object,
showing that the 3D shape of the object is recovered using the above-mentioned method.
However, the phases wrapping takes place in Fourier transform profilometry by using only
one grating of shorter spatial period.
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1. Introduction

Real-time three-dimensional (3D) measurement is an ongoing effort in industry.
Such measurements have applications in control of intelligent robots, obstacle
detection for vehicle guidance, dimension measurement for die development,
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Fig. 1. Experimental set-up usually used.

stamping panel geometry checking and accurate stress/strain and vibration
measurement. Chen et al. [1] have given an overview of 3D shape measurement
using optical methods. The previously used approaches [1,2] have met with varying
degrees of success. In fringe profilometry techniques, a grating (Ronchi or
sinusoidal) is projected on the 3D diffuse object surface (Fig. 1) with projection
and recording directions being different. The resulting phase distribution of the
grating on the object includes information on the surface height variation of the
object. The deformed grating image is detected by a CCD camera and processed by a
computer.

Efforts have been made to fully automate the technique. The measurement
techniques become impractical with increasing volume and the system is expected to
be time stable [3], which cannot be the case in real-life situations. Schreiber and
Notni [3] introduced a special fringe projection technique with a rotating grating and
multiple cameras and projections. Liu et al. [4] stressed on simple hardware, needing
no moving mechanical parts and described a shape measurement method with
colour-coded projection grating. Methods suggested so far are either too time
consuming (computationally intensive) or involve sophisticated hardware.

Hao et al. [5] introduced excess fraction method in profilometry and extended it to
non-linear domain. Their system adopts two gratings of slightly different periods for
unique phase determination. Each measurement yields two fine estimates of height,
which may be weight averaged for error reduction or inter-referenced for noise
identification. Zhao et al. [6] projected a short-period and a long-period grating on
the test object separately. The short-period grating was used to reconstruct the
object. Because the phases of the two gratings were linear, the long period was more
tolerant to height discontinuity. The longer-period grating was therefore used as a
reference in the phase-unwrapping procedure. Huntley and Saldner [7] used fringes
with a time-varying spatial period projected onto the surface to be contoured.
Temporal unwrapping was then used for assigning unique coordinates in 3D space to
each pixel. The intermediate values were made use of to improve the estimate of the
phase-time gradient. Saldner and Huntley [8] used a number of phase maps with
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linearly or exponentially varied grating spatial period to unwrap the phase at every
pixel independently. The sequences of phase maps were converted to surface profile
by temporal unwrapping. The method is robust and convenient as it avoids the need
of accurate positioning of the camera and projector, but at the cost of image
acquisition and computation speed.

Sansoni et al. [9] developed a whole field profilometer based on structured light
projection, with a high degree of flexibility. In order to obtain profile with
correspondence of both coarse and fine surface variations, the capability of the
system to adapt the fringe spacing to the target topology had been used. They
obtained the profile measured with the resolution given by the finer grating and the
range given by the coarse grating. Nadeborn et al. [10] projected a sequence of grids
of different orientations, allowing the absolute phase to be retrieved unambiguously.
In their algorithm, the limits of the absolute phase were required to be known.
Burton and Lalor [11] presented a multichannel Fourier fringe analysis method with
phase unwrapping. They projected a short spatial period grating and a long spatial
period grating on the test object separately. The long spatial period grating was used
as a reference in the phase-unwrapping procedure. The short-period grating was used
to reconstruct the object. Li et al. [12] made two sets of fringes with different spatial
periods on a single grating. They showed that it is possible to unwrap the short
spatial period phase with reference to the long spatial period phase. Such dual spatial
period grating was projected on the object several times with different calculated
spatial phase shifts. The phases of the longer spatial period were a function of the
phase of the lower spatial period. The phases of the two spatial periods were
calculated separately. Since the longer projected spatial period was an integral
multiple of the shorter spatial period, so were their phases. Thus the phase of the
shorter spatial period was unwrapped for a larger range much more accurately.

Apart from projection of gratings with more than one spatial period, many other
techniques are worth mentioning. Takeda et al. [13] used spatial amplitude
information of the detected fringes instead of spatial phase information. The
contrast of the detected fringes varies, and was used to calculate the depth. Gilbert
and Blatt [14] demonstrated a technique using white light interferometer as a grating
projector. This reduced the scanning time as the requirement of rotating the
interferometer mirror to change the grating pitch was overcome. Kowarschik et al.
[15] presented a concept of optical 3D sensor based on structured illumination that
can avoid most of the illumination-caused difficulties. The matching of different
patches into one coordinate system without interactive user help was achieved by
special calibration method for second axis. With this method they avoided the use of
correlation methods or special points.

2. Motivation

The ultimate aim of profilometry is the complete automation of phase
unwrapping. Methods suggested so far for phase unwrapping are either
computationally intensive or need considerable manual interception like change of
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grating, etc. The problem of phase unwrapping has been addressed by many authors
[11,12] and some have come up with the solution by projection of gratings with more
than one spatial period over the object [5]. In some methods, gratings of different
spatial periods are projected sequentially [6,8] whereas in others the same grating
with different spatial periods is projected over the object [12].

In automation methods it is desirable that minimum amount of human interaction
takes place with the system. But many of the decisions required cannot be entirely
formulated in the form of well-defined algorithm, and require human like thinking.
Thus substitution of such decisions with neural networks has been found as a
suitable choice [17,18]. Ganotra et al. [19] have described the use of neural networks
to carry out calibration process in fringe profilometry. One such situation arises in
case of phase unwrapping.

A trained neural network algorithm defines the non-linear transformation for a set
of vectors to another set of vectors (usually with lesser dimension). The transforma-
tions are trained iteratively from a subset of these vectors using neural network
algorithms [20]. Once suitably learnt, these transformations can be applied to any
vector in general. There are a large number of algorithms and variations to the above
description but we will use one representative form 'feed-forward backpropagation
multilayer perceptron network' with tansigmoidal and pure linear transfer functions.

When profilometry is applied to real-world applications, many of the parameters
may not be known, e.g. the approximate distance of the object whose profile has to
be measured from the camera, or if it is a moving target the situation may become
even more complex. If say a grating pattern is projected onto the object then the
spatial period of the projected grating is required to be known. Calculation of even
this grating period becomes a problem [16]. Profilometry based on neural networks
algorithms will have this flexibility to adjust itself to variations in such parameters
automatically.

In this paper, we describe a technique for recovering the 3D shape of the object
using neural networks and a grating structure comprising two regions with different
spatial periods. One portion of the grating structure has spatial period, which is
double the spatial period of the rest of the grating. The shorter spatial period grating
is projected on the object. These projected grating images were then used as input to
the neural network. We have used the training set to the neural network as the
calibration planes themselves and not their phases as is done in conventional
structured light projection profilometry.

3. Experimental set-up

The experimental set-up is shown in Fig. 2. A sinusoidal grating structure
comprising two regions with different spatial periods is projected onto a reference
plane over which the object is placed (Fig. 3(a)). The longer spatial period part of
the grating is made to fall on a plane reference surface and it is kept separate from
the object. Its image as seen by the imaging system is shown in Fig. 3(b). We
introduced a mirror in the crossed-optical-axes geometry, to keep the object on a
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Fig. 2. Experimental set-up used. The distance between the grating and lens 1 is 28 cm and the distance
between the projecting lens 1 and the mirror is 110 cm. The mirror is kept about 6 cm above the reference
plane stage. The distance between the mirror and lens 2 is 110 cm and between the lens 2 and CCD is
10 cm.

horizontal plane for convenience. A light source (Hg vapour lamp) in conjunction
with spatial light modulator (SLM) (Jenoptik SLM-M) was used to project the
grating. A CCD camera with a frame grabber was used to capture the images as
bitmap files in the grey-scale format. Sinusoidal grating displayed on the SLM was
imaged on the middle calibration plane for best results.

The camera (make: EHDs kam06COL) captured four image pairs. A pair
corresponds to spatially shifted gratings with p phase. Three image pairs for the
three reference planes at different heights and one pair for the object, were captured.
Eight bitmap images of size 624 x 832 pixels were captured. The images were resized
to half of their size using nearest neighbour interpolation. The reduction in the size
was done to lessen the time required for computation. Subtraction of the two images,
which have a p-phase shift, provides reflectivity independent measurement [21]. In
this technique, the grating needs to be moved to half the grating period along the
x-axis while the other conditions remain unchanged. This is achieved by displaying a
contrast-reversed image of the grating on the SLM to avoid the mechanical shifting
of the grating. The images from the three calibration planes are used in the neural
network algorithm for depth measurements. The calibration planes must be
positioned inside the working volume of the depth recovery system. The algorithm
is described in the next section. Once the network is trained, it can recover shape of
any object kept within the space where the calibration planes were kept, only from
one image of the projected grating on the object. Two images are required in case of
reflectivity independent measurements.

4. Parameters to the neural network used

Conventional fringe projection techniques recover the depth range data by
estimating the phase of the projected fringes, related to the object height, by using
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Fig. 3. Image of the projected grating: (a) on one of the reference plane, and (b) on the object.

phase demodulation techniques like phase shifting, phase locked loop, or spatial
synchronous detection. Phase-to-depth conversion was then obtained from the
experimental parameters and the geometry of the optics used. We have followed the
approach adopted by Cuevas et al. [17] of using the calibration planes to train a
neural network. Our input to the network is not the phase information obtained
from the calibration planes; rather the intensity distribution of fringes from the
calibration planes directly. A scheme for the input to the neural network during
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Fig. 4. Block diagram for scheme of inputs to the neural network during training.

training is shown in Fig. 4. The spatial period of the image of the shorter period was
15 pixels.

A backpropagation neural network [20,22] with 120 input neurons, 60 hidden
neurons and one output neuron was simulated (Fig. 4). The transfer function from
input neurons to hidden neurons was tansigmodial and from hidden neurons to
output neurons was pure linear. The training function used was gradient descent.
Out of the 120 input neurons, 60 receive input from a reference plane (typically
chosen as the base plane relative to which all measurements are made) and the rest of
60 neurons receive input from any of the three planes chosen randomly during each
epoch. Out of the 60 inputs, 30 are from the longer spatial period region and 30 are
from the shorter spatial period region. The coordinates in successive epochs
are chosen randomly from the short spatial period region of the projected grating.
The x-coordinate for the long spatial period region was kept the same as that of
short spatial period region but the y-coordinates are chosen randomly. The desired
output of the network was the distance between the randomly selected plane and the
reference plane. Both the inputs and outputs of the network were pre- and post-
processed to the range — 1 to + 1 for better training of the network.

The height/depth information of the unknown object was obtained from the
network as follows. The set of input neurons, which received input from the first
reference plane continued to receive information from there only. The next set of 60
neurons, which were connected to the reference planes randomly, now received their
input from the intensity distribution of shorter spatial period region of the grating
projected on the object, sequentially for the entire plane. The longer spatial period
information was kept same as that of the earlier plane used for training.
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5. Results and discussion

Fig. 5 shows the reconstructed objects (chalk pieces cut along the axis into two
halves and kept on a piece of paper with their flat surface facing down and ends cut
in an incline) using our method. In both cases, the same set of images were used for
training. In the first case (Fig. 5(a)), the number of epochs was 150 and in the second
case (Fig. 5(b)) it was 1500. We tried to recover the phases and 3D shapes using
Fourier transform and phase locked loop technique but failed. The phase change for
the object was so large that the Fourier transform profilometry [23] showed phase
wrapping. Fig. 6(a) shows the recovered phases for the three reference planes using

400

100
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Fig. 5. 3D reconstructed object: (a) using neural network with 150 epochs, and (b) using neural network
with 1500 epochs.
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Fig. 6. Phases recovered using Fourier transform profilometry: (a) for the three reference planes, and (b)
for the object.

Fourier transform profilometry and Fig. 6(b) shows the recovered phase for the
object. Note that both of them show phase wrapping. To avoid phase wrapping,
phase locked loops were tried on the same images. The object height and spatial
period combination was such that the phase locked loop phase recovery algorithm
performed very badly. The phase change was so large that the PLL algorithm added/
disturbed the entire row of the phase plane even if the object was present in only a
part of it. The corresponding phase planes for the three reference planes are shown in
Fig. 7(a) and the object in Fig. 7(b).

The radial basis function based neural network as used by Cuevas et al. [10] to
recover the depth information from the phase planes recovered the object shape as
shown in Fig. 8, which in no way resembles the object. We tried various
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Fig. 7. (a) Phases for the three reference planes recovered using first-order phase locked loop. Here the
bottom-most phase plane corresponds to plane at z = 0 mm. The middle one to plane at z = 1:5 mm, and
the top most to the plane at z = 3 mm. (b) Phases for the object kept on the reference plane z = 0 mm using
phase locked loop.

combinations of close loop gain and spatial period for the first-order phase locked
loop to recover the object shape using radial basis function based neural network but
could not recover the object. Thus we can conclude that neural network based
method used by us is capable of recovering the depth information even in the cases
where phase wrapping occurs in Fourier transform profilometry. To avoid phase
wrapping, phase locked loops were tried but they failed to recover the object shape as
the phase change was too large.

Fig. 9 shows simulation results for an object similar to the one used by Rioux and
Blaise [24]. Fig. 9(a) shows the simulated object in the form of a stepped pyramid.
Figs. 9(b) and (c) show the phases of the three reference planes and the object
recovered using FTP and first-order PLL, respectively. Figs. 9(d) and (e) show the
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Fig. 8. The reconstructed object using first-order PLL and radial basis function based neural network.

reconstructed object using radial basis function based neural network using phases
recovered using FTP and first-order PLL, respectively. Fig. 9(f) shows the
reconstructed object using the method mentioned in this paper.

6. Conclusion

Fringe projection profilometry is a well-known method for depth object recovery.
However, the method has limitations and certain trade-offs are required. For
example, the spatial period of the projected grating cannot be too small, as the range
of the depth measurement becomes small. The spatial period cannot be kept too long
either, as the sharp boundaries of the object cannot be recovered. High spatial
sampling rate using discrete phase-shifting technique overcomes this problem to
some extent but it has its own disadvantages. The image of the grating projected on
the same object has to be captured by the CCD three-five times or even more
depending upon the accuracy required. It can be six-ten times if reflectivity
independent measurements are also required. Capturing so many images for the
same object and then processing them for depth object recovery is troublesome.
Fourier transform profilometry overcomes this problem to some extent, as it requires
image of the projected grating on the object only once. However, it has its own
limitations, as it requires a suitable filtering of the spectra to let only the fundamental
components pass through. This limits the measurement for steep object slopes and
step discontinuities. Neural network based method used by us, after training, does
not require so many images of the projected grating. The use of the dual spatial
period grating can enhance their depth measurement range.

The simulation results shown in Fig. 9 seem to be better than the practical results,
which means that there is a considerable scope of improvement in experimental
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Fig. 9. Simulations results: (a) image of the simulated stepped pyramid, (b) phases of the three reference
planes and the object using FTP, (c) phases of the three reference planes and the object using first-order
PLL, (d) 3D reconstructed object using radial basis function based neural network and phases recovered
using FTP, (e) 3D reconstructed object using radial basis function based neural network and phases
recovered using first-order PLL, and (f) 3D reconstructed object using the method mentioned in this paper
(1500 epochs were used in this case).

results with the use of dedicated instruments. The PLL method seems to compete
with other method but it has been our experience that it does not perform so well for
experimental images.
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We have described a method of direct 3D object depth recovery, which is based on
multilayer neural network and grating structure comprising two regions with
different spatial periods. It does not require phase calculations. Experiments
conducted on diffuse objects with the proposed system demonstrate that this system
is able to recover 3D shape of diffuse objects. The proposed neural network was
tested experimentally. Future studies can be carried out to numerically compare the
reconstructed object using the present method and phase-unwrapping methods and
also a calibration of the extent of phase change the neural network procedure can
tolerate in comparison with phase-unwrapping-based reconstruction. It can be
utilized in many fields such as manufacturing and monitoring with its characteristics
of proper accuracy, high speed, non-contact nature and wide field of view.

3D profile measurements have a wide range of applications starting from
microscopic objects to topographical imaging of vast land areas. There are some
applications in which a high degree of accuracy is important whereas in others it is
required to be real time. We share the views of Chen et al. [1] that an international
standard must be established to evaluate optical shape measurement system to
include standard sample parts with known dimensions, surface finishes and
materials, mathematical assumptions and characterization, measurement speed
and volume capability, repeatability and reproducibility, calibration procedures, and
reliability evaluation.
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