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In this paper, the depth of a monitored object using eye-in-hand configuration is
estimated and verified by application of a proposed approach that is based on a pre—calibratior:!
process of the image and the physical area of the monitored object .with respect to camera height.
In addition, neural network approach is also used to manipulate the acquired vision data in order
to obtain the required object depth. Both proposed approaches implemented using the eye-in-
hand configuration and showed good results to improve the overall capability of the eye-in-hand

configuration to perform intelligent robot tasks.
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List of Symbols
a; Object image area (in ixels)
a, Object physical area (in m?)
d Object depth (in cm)
ftx,y)  Image function
h Camera height (in cm)
ha Actual Camera height (in )
h, Perspective Camera height

in cm)

m,n Image size
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L. Introduction

Depth information is vital for enhancing
the level of automation of present-day
[1]. The

computation of the object depth 1s

programmable manipulators

essential for the accurate execution of

many robotic tasks, such as object
handling and assembly operations [2].
Depth perception is needed to
pick up a part from a random position
and orientation within the work
environment [1]. The early efforts in
depth recovery concentrated upon
stereo camera pairs with known
geometries to derive an estimated
object depth based on its projection in
each image plane and triangulation
[2]. Sinz et al [3] compared two
the of

estimating the depth of a point in

approaches  to problem

space from observing its image
position in two different cameras. Li
and Duncan [4] stated that the most
difficult part of stereo vision analyses
is the correspondence problem, 1.e..
locating features in one image that
correspond to given features in the
other image. Other methods used what
is commonly referred to as shape from
“X”, Where “X” may be shading,

texture, or motion. These techniques
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Typically rely on lighting
models and surfaces that posses a
known quality [5].

Some of the promising results
have been obtained with structured
lighting [6]. While systems based on
structured  lighting

and highly

principal  are

expensive robust, their
principal shortcoming is that they can be
used only when the ambient light does
not interfere excessively with the
controlled illumination [1].

In this paper, a proposed method to
estimate object depth is developed and
verified. Since a number of previously
published articles showed that neural
network offers a potential route to the

of
algorithms that is capable of being

development machine-  vision
independently adopted to a wide range of
applications [7]. The neural network is
employed in this paper to simulate the
function of the developed method due to
its promising potential in machine vision

algorithms.

2 Methodology overview

The developed methods employ
both the physical area and the image area
of the monitored object to estimate the

object depth. The object image area in the
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Image (a;) can be obtained by
summing up the number of pixels that
represents

The monitored object projection
in the image scene. Whereas the object
physical area (a,) of the monitored object
is computed using the object area in the
image (a;) and a preset calibration factor.
The relation between image area, the
physical area, and the camera height ()
is investigated and verified to obtain the
depth of the monitored object. This
relation is mapped using neural network
method to activate the operation of the
developed approach. Experimental setup
was established to investigate the
operation of eye-in-hand configuration,
where a camera moving mechanism 1is

build up and used to emulate the

movements of  the  eye-in-hand
configuration.
3 The Proposed Method

To explain and verify the

proposed method, samples of different
arcas are used. Computer image sets of
these samples are captured using an
Epson Photo-500 digital camera. Where
each set of these images contains
projection views of that sample as
captured from different camera height.
Each captured image is then processed to
acquire object area obtained from its

corresponding image plane. Image
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Preprocessing operations
including threshold and noise pixel
filtering are applied to identify the
monitored object fron image background
and remove undesirable pixels that are
related to noise from the image. Hence,
the object area in the image (a;) can be
estimated by counting the number of
white pixels in the image plane, which
correspond to the monitored object.
Mathematically, (a;) can be represented
as follows:

a; = iif(x )

i=1 j=I

(1)

Where m and n are the image resolution
and f{x,y) is the image intensity function.
Since the physical and image areas of the
monitored object are known, the
perspective camera height for this area
could be derived. Thus by finding the
absolute difference between the actual
camera height (h,) and the perspective
(h,), depth of the

monitored object (d) could be identified.

camera height

Depth in this case is equal the difference

between the actual and perspective

camera heights. The mathematical mode]
of the developed method can be

expressed by:

d=| h,-h, 2)
Where:
hp =f(ap,a,-,h) 3)
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Hence object depth could be
®stimated if the type of the relationships
between %, and a,, a;, and A are known.
However, the nature of this function is
influenced by the camera properties,
image resolution, lighting condition, and
applied image preprocessing.

4- Neural Networks
have

Neural networks

(NN)s

recently showed wvalidity in many

engineering applications [7]. The ability

fo learn and generalize from a set of

training data is one of the most powerful
aspects of NNs [8]. References [9] and
[10] extensively illustrate NNs basics,
structure, training rules, etc.

The

compute object depth is based on a pre-

developed method, to
calibration process for series of images to
enable the evaluation of equation (3).
Images of objects of specified physical
areas are acquired using known camera
sheights. The problem then is bounded to
estimate the mathematical model of
equation (3) which is difficult to compute
using ordinary methods. Hence a
multilayer feed-forward artificial neural
network is adopted in this work. This
neural network type can be trained using
back-propagation (BP) algorithm, which
is an effective tool for modeling
nonlinear relations among massive input
and output data when mathematical

relations among these input and output

12

An Approach to Estimate Object Depth from a Visual
Projection Scenc for Eye-in-Hand Robot Applications

parameters cannot be easily formulated

[11}.

The adopted neural network
consists of two inputs, the first is
dedicated to object image area in pixels
while the other is dedicated to the object
physical area in physical square units.
The output of the neural network is the
perspective camera height (4,). This
output is then subtracted from the
physical height position of the camera
(hy) to acquire object height (d). Figure
(1) represents the architectural of the
adopted neural network.

The inputs and the outputs of the
adopted neural network are scaled within
a specific range, from (1) to (0), where
the network training can be made more
if

normalized.

and are

efficient inputs targets

To map inputs to targets, BP error
algorithm is used to train the adopted
neural network, where BP is currently the
most widely applied phenomena to neural
networks to learn complicated
multidimensional mapping [12]. This
algorithm does not require any specific
domain knowledge and provides a direct
solution to nonlinear estimation problems
[3] .When learning process is achieved;
the network becomes ready to run with
any input.

5- Experimental Setup Description
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A hardware model is designed
and built to emulate the function of the

eye-in-hand configuration. The

mechanical mechanism is constructed so
it can offer required movements. Figure
(2) shows a photograph of the developed
experimental setup. The end-effecter of
the mechanism is a holder of the digital
camera, which is linked with a personal
computer to perform image processing of
the captured images. A digital camera
type Epson Photo PC-500 is used to
capture the images. The images were
digitized at 640x480 pixel with 24 bit
colors. The camera is gripped on the
mechanism and connected to the PC to
perform image transfer and then image
processing.

6- Results and Discussion

The developed method is verified
using the expcrimental setup, where plane
square objects having areas of (1, 5, 10,
15, 20, and 25) cm? are used as samples,
figure (3). Images of these objects arc
captured with different camera heights
using height step of 3 cm. The images are
processed to compute image area of the
samples. Figure (4) presents the relation
between camera height, image area, and
physical area of the samples. This figure
can be used as a calibration curve for this
specific application. If the monitored

object with a known physical area is
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captured, figure (5) shows a test-
monitored object where this object has a
25 cm?® area with 10 cm height made from
wood. By computing the object area in
image plane, the perspective camera
height can be found as shown in figure
(4). Since the real camera height is
known, the depth of the monitored object
presents the difference between these two
heights.

Computer program was developed
to achieve the learning process of the
neural networks via BP algorithm and to
test the trained network. Figure (6) shows
the window of the developed program.
The system can be divided into two parts,
one for training the network while the
other is used to test the trained network
weights. Number of neurons in the input
layer, output layer, first, and second
hidden layers can be selected. The
required accuracy for the network and the

learning parameter (n) can be set by

user. In the test part, network weights
value can be saved and loaded. Textboxes
are used to enter the inputs to get outputs
with respect to load weights.

The training sets which are
acquired from the experimental setup are
proved to be inadequate to train the
neural network and to give it generalizing
property, so the mathematical model of
each curve in figure (4) is used to

generate more training scts, where the
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relation between the camera height and
object image area is considered. This
relation is presented as a polynomial of
4"_order. These polynomials for each
physical area

are expressed

mathematically as follows:

I
% | [oa6364 -14065 129319 ~045914 0006453 [+
& || 5977 -10283 867647 ~290299 0037753 | 4
| | 11693 19957 166663 ~5.55995 0072329 |
a’s | 7| 16330 27428 229783 768104 0201079 |
J20| [19508 31719 270895 -9.19762 0124023 | Z
5| L 29135 497502 411286 ~136028 017595) z'|
e

Where the upper suffix in g

presents the physical area and z presents
the camera height in cm.

Figure (7) shows the samples that
are used to estimate their depths based on
the developed methods. Table (1) shows
the results of both discussed methods.
Both methods implement the discussed
three parameters to estimate object depth.
These parameters are camera height,
Physical area, and the image area of the
monitored object. Based on the pre-
calibration that is shown in figure (4),
depths of the objects were estimated as
presented in table (1). The results showed
good accuracy of both methods compared
with actual objecis depth. Depth
difference was less than 1 cm for all cases
where the differences arc more likely
resulted due to the sampling limitation,
thus affects the computation results of
image area calculation and consequently
affect the overall accuracy of the system.

Depth computation using the neural
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network method showed to be marginally
less accurate than the other investigated
method. This is due to the insufficient
training of the network, however, the
neural network technique showed to be
faster than the other method to estimate
object depth, hence, could be beneficially
used to establish approximate depth of
the monitored object in applications
time is of

where  computational

significant.  Otherwise, the  other
technique may establish more superior
results.

6 Conclusions

In this paper, the two proposed
depth

techniques to estimate object

showed to give acceptable results.

Accuracy within 1 cm is obtained in all

cases. Such accuracy may satisfy a

number of pick and place robot
applications. Hence, the proposed
techniques may be employed with

confidence in such applications. However
better accuracy may be achieved using
higher image resolution. The first
proposed method showed to give more
superior results when compared to the
results obtained from using the neural
network approach. This was due to the
insufficient training of the ncural
network: however, the neural network
based approach showed to give fast
response, thus makes it more suitable to
be implemented in application areas

where time is the most significant factor.
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Real camera
Height (cm)

Image area

e
7’0\ HE)

Physical area Height (cm)

Figure (1) The adopted neural network to estimate object depth.
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A Photograph of the Schematic Diagram of the Developed
Experimental Setup. Mechanism.

Figure (2) The Developed Experimental Setup.

3
Areas incm”

Figure (3) The samples used to calibrate the system.
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Figure (5) Test Object, camera height 10 cm.
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Training part. Neural test part.

Figure (6) The Developed Neural Network Program Window.
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Figure (5) Test Object, camera height 10 cm.
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Figure (6) The Developed Neural Network Program Window.
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Figure(7) The samples which are used in object
depth estimation.

Table (1) Results of object depth estimation using the developed methods.

— Area Area [ Camera Qbjeet height Object height True
h {enm?) (pixels) ' Height (emy | (Prop. method) e (N. N e Depth (em)
| 20 17671 20 8.2 8.13 8.5
2 16.5 20494 25 8| 737 8.5
3 25 23327 s 14 1333 13.5
4 25 19201 5 HINT 1033 1
5 25 16630 5 8.75 789 85
6 25 13997 B 5.75 I 0
7 25 12065 15 | 3.2 245 35
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