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Abstract:

The luminous intensity curves are given with luminous intensity values measured in some directions.
The unmeasured values can be obtained using various interpolation methods. In this study, the
intermediate values not presented on the polar curve are obtained using Artificial Neural Networks
and compared with values obtained from Linear and Lagrange Interpolation Methods. From the
results it is shown that Artificial Neural Networks can be used for estimating intermediate luminous
intensity values.

1. INTRODUCTION

A good quality illumination is only possible by following the criteria given in standards and
recommendations. These criteria are significantly affected by the type of luminaire and the lamp used.
That is why, the luminaire has to be selected according to the purpose. The selection of the
luminaire has to be done by taking into consideration the economy, esthetic features and especially
its luminous intensity distribution. The selection of a luminaire with a proper luminous intensity
distribution is only possible by knowing the luminous intensity distribution surface. However, in
practice instead of luminous intensity distribution surface, polar curves on selected planes such as
CO0, C30, C60,...C330 are presented. The luminous intensity curves are given with luminous intensity
values measured in some directions. The unmeasured values can be obtained using various
interpolation methods. In this study, the intermediate values not presented on the polar curve are
obtained using Artificial Neural Networks and are compared with values obtained from Linear and
Lagrange Interpolation Methods.

2. LUMINOUSINTENSITY DISTRIBUTION SURFACE AND CURVE

The surface of luminous intensity distribution is the surface formed by the extremities of all the
radius vectors drawn from a common origin, the length of each radius vector being proportiona to
the luminous intensity of the source in the corresponding direction. In practice, luminous intensity
curves are used instead of luminous intensity distribution surface. The luminous intensity curve isthe
curve, generally polar, which represents the luminous intensity in a plane passing through the source
as afunction of the angle measured from some given direction. There are three systems of planes for
measurement of luminous intensity distributions. These are A-Planes, B-Planes and C-planes. C-
Planes that are generally used are shown in Figure 1.

In this study, the luminous intensity distribution curves of tested luminaires are also given in C-
planes.
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Luminous intensities can be measured by a measurement of the illuminance and calculated using the
photometric distance law. In this study, the luminous intensity curves of every tested luminaire are
obtained in CO, C90, C180, and C270 planes. For this reason, the illuminance values in 5 degree
increments (g) are measured in our photometric laboratory. According to the photometric distance
law, the luminous intensity values are calculated using [1].

|=E.r’/cose W (1)
where,
|- Luminous intensity in the direction of the acceptance area (cd)
E: lHluminance on the acceptance area (1)
r: Distance between light source and the acceptance area (m)
e: Angle of incidence, measured relative to the normal of the acceptance area (°)
W: Unit solid angle (sr)

3. METHODSFOR ESTIMATING INTERMEDIATE VALUES

To estimate the intermediate values of luminous intensity, various interpolation methods (Linear,
Lagrange, Cubic, Quadratic) can be used. In this study Linear, Lagrange Interpolation Methods and
Artificial Neural Network approach are used to estimate the unknown intermediate values of
luminous intensity distribution curves.

3.1 Linear Interpolation Method

The equation of the straight line through the two points (x, ..y, ,) and (X,,.Y.,,), as given by the two-
point formula from analytic geometry, is

Y~ Yia

1
Xivp = Xiq

yi(x)-y, (X - Xi.1) (2)

Solving for yi(x;) and combining terms,

yi(xi)= Yios (Xiaa - X ): Yier (X1 - X)) -

is obtained [2].

3.2 Lagrange Interpolation M ethod

By Lagrange Interpolation Method, an n” degree polynomial is created to connect (n+1) points on a
plane, and the data are interpolated according to the polynomial [3].

For (n+1) points the interpolating polynomial is given by

Q)= L(X)yot La(X)yr+ . .. + Loy (4)

Lagrangians polynomials Lj(x) are defined as
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Here, the unknown values of the luminous intensity curves are estimated by the 2™ degree
polynomial that connects 3 points.

3.3 Artificial Neural Networks

Artificial Neural Networks consist of a great number of processing elements (neurons) which are
connected to each other (fully connected networks). The strength of connections is called weight.
Externa data enter the network through the input neurons. As a result of the non-linear
transformations, output data are generated by output neurons. In layered networks, there are a layer
of input neurons, a layer of output neurons and one or more hidden layers. There are no connections
between the neurons in the same layer. The information is transferred from one layer to the following
layer. A typical example of afour-layered architecture is shown in Figure 2.

The knowledge lies in the interconnection weights between neurons, which have to be adjusted in
order to alow the network to perform the required task. The Back-Propagation method is the most
popular algorithm for performing supervised learning. During the training phase, the weights w;; are
successively modified based on a set of input patterns and the corresponding set of desired output
targets to minimize the square error over the overall training set. During the presentation process,
the training phase is repeated a numerous times and the learning process continues until the desired
degree of accuracy is achieved [4].
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Figure 2 Typical architecture of afour-layered neural
network with two hidden layers

For estimating intermediate values of the luminous intensity curves, a four-layered feed-forward
back-propagation Neural Network with adaptive learning rate is used. Number of neurons on each
hidden layer is five. The architecture of this Neural Network is the same asthe one givenin  Figure
2. The input values used in this Artificial Neural Network are the "g' angles and the output values
are the luminous intensities.
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The specific values of the ANN used hereis,
learning rate=0.0001

momentum constant=0.95

error-ratio=1.04

number of iteration=50.000

The luminous intensity values for CO, C90, C180, C270-planes measured in 5 degree increments
(g angles) are divided into two groups. The first group data are used for the teaching phase. The
datain the second group are used to test the system [5].

4. APPLICATION OF METHODS

Four different types of luminaries with 1x18W compact fluorescent lamp, 1x10W compact
fluorescent lamp, 4x18W fluorescent lamps and 2X36W fluorescent lamps are tested in the Lighting
Technology Laboratories of Istanbul Technical University for this study. The luminous curves for
C0, C90, C180 and C270 planes for each luminaire are shown in Figures 3,4,5,6, respectively.
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Figure 3 Luminous intensity curves of aluminaire  Figure 4 Luminous intensity curves of aluminaire
with 1x18W compact fluorescent lamp with 1x10W compact fluorescent lamp
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Figure 5 Luminous intensity curves of aluminaire  Figure 6 Luminous intensity curves of a
with 4x18W fluorescent lamps luminaire with 2x36W fluorescent lamps

For estimating unknown values, Linear Interpolation Method, Lagrange Interpolation Method and
Artificial Neural Networks are used. First, it is assumed that the luminous intensity values on each C
plane a 10 degree intervals are known. Using these three methods the unknown values for
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5°,15°,25°.... are estimated. In the second step, it is assumed that the luminous intensity values on
each C plane at 15 degree intervals are known. Also using these three methods, the unknown values
for 5°,10°,20°,25°.... are estimated. As explained before, the estimation has been done by the 2™
degree polynomial that connects any 3 points by the Lagrange Method. Depending on the selection
of the points one or two of these 3 points may be the same for different interpolations. However, the
estimated values vary with the selection of the points.

The average error between measured and estimated values for each type of luminaire are found. The
results are given at 10° intervalsin Table 1 and at 15° intervals in Table 2. The different resultsin the
Lagrange Method are also represented in Tables as Lagrangel and Lagrange2.

Table 1 The average error between measured and estimated values at 10° intervals

Average luminous Intensity Error (cd)
Luminaire type
Linear Lagrangel Lagrange2 ANNSs
1x18W Compact fluorescent lamp 3.03 2.36 2.97 2.53
1x10W Compact fluorescent lamp 2.50 2.00 1.90 1.60
4x18W Fuorescent lamps 3.33 3.25 3.81 3.11
2x36W Fluorescent lamps 1.06 0.85 0.93 0.92

Table 2 The average error between measured and estimated values at 15° intervals

Average luminous Intensity Error (cd)
Luminaire type
Linear Lagrangel Lagrange2 ANNSs
1x18W Compact fluorescent lamp 5.13 4.60 5.46 4.09
1x10W Compact fluorescent lamp 5.38 3.79 4.00 3.33
4x18W Fluorescent lamps 5.91 4.50 6.50 5.78
2x36W Fuorescent lamps 1.39 1.39 1.14 1.34

CONCLUSIONS

This study deals with the estimation of unknown values of luminous intensity distribution curves. For
this purpose the Artificial Neural Network approach is employed and compared with other methods.
For four different types of luminaires the average error between measured and estimated values are
found and it is observed that smaller error is obtained by using the Artificial Neural Network
Method. It is aso shown that smaller error can be sometimes found by Lagrange Interpolation
Method. Yet, the estimation is made only with three selected points and without considering the
shape of a curve. Therefore, it is not always possible to minimize errors. On the other hand, if a
suitable structure can be determined, the unknown intermediate values can be estimated by Artificial
Neural Network Method considering the overall shape of the curve.

The results of this study support that Artificial Neural Networks can be used successfully for
estimating unknown intermediate luminous intensity values.
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