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Abstract: This article is a continuity of prevouse two reserch in daylight harvastion control that were
deigned using classical control apoproach and then fuzzy logic technique, In this article ANN con-
troller is designed and its response is compared with the performance of the other two controllers.
Detailed compression for the different error type is illustrated, however, the results show that the
three controller operate with satisfactory accuracy.
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1. Introduction

Lighting systems, either indoor or outdoor, consumes considerable amount of power
day and night. Replacing the any other lighting type by LED become proven approach to
achieve illumination very similar to daylight and reduce the operational cost of any
lighting system either indoor or outdoor [1]. Inoutdoor, many research articles provide
different economic solutions using Artificial Intelligent (AT) techniques for the street
lighting operation control at night, as the daylight harvesting is not applicable [2-5]. How-
ever, daylight harvesting and its control becomes very important for sustainable solutions
of indoor lighting to provide the required illumination at minimum possible cost. In [6-8],
the authors provided comprehensive literature review to discuss the effect of controlled
daylight harvesting on the indoor lighting and temperature of office building. The papers
highlighted that different intelligent techniques such as Fuzzy logic, Artificial Neural Net-
work (ANN), Genetic Algorithm, and PWM control, are used to control the dimming of
LEDs in order to achieve the required interior illumination utilizing daylight harvesting.

ANN is used with different methodologies concentrating on the prediction of the
daylight Autonomy (DA) level in order to control the daylight harvesting, either to limit
the indoor temperature rise or to minimize the lighting system power consumption, dur-
ing the day. In [9], the paper investigated the capability of using ANN technique to predict
DA using the climate information and different window design variable. The ANN struc-
ture used in that research has five input neurons, one hidden layer with three neurons
and on neuron for output layer. However, in [10] the authors used more complecated
ANN with thirteen input presenting detailed information for climatic condition, design
factors and timeing, and one hidden layers with six neurons and one neuron for daylight
value output. For a building with specific location and orientation, these methods are
complecated and takes long time to collect the climatic information for implementationto
predict the DA, however, the result can be satisfactory as input to implement daylight
harvesting different techniques. However, in [11] the authors have completely different
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opinion tells that the daylight prediction is mainly based on very few building design
parameters such as window glazing type. The paper discussed for different levels of
window glazing transmittances, curtain reflectance values and weather conditions, the
daylighting metrics are pridicted using the compination of three machine learning algo-
rithms, principal component analysis (PCA), ANN, and support vector machine (SVM).
The results show that the ANN with PCA gives bestresult to predict the usful daylight
illumination and ANN alone gives gaccpetable results for the the prediction of energy
consumption.

Another indoor lighting research works have been carried out also used ANN, but
concentrated only on artificial lighting system control. In [12], two-layer feedforward
ANN is used to map between relate 28 individually dimmable lamps and 17 task tables.
This method does not consider the contribution of daylight that enters the room in case
the curtains are opened, and glaring that can be present in case the lamps give quite dif-
ferent illumination. Also, the method is not validated for different rooms' configurations.
In closed plant production system (CPPS) application, the authors in [13] proposed an
ANN that is built for CPPS with LED lighting system to estimate the energy consumption
using light intensity, red light component, blue light component, green light component,
white light component, pulse frequency and duty cycle of input variables. This proposed
ANN can be integrated in the plant monitoring system to prioritize the energy efficiency.
In [14], control of Flou/LED system using ANN method supported by mathematical
method comparison using DAILux for lighting optimization process based on preference
illumination is proposed. The proposed ANN model is designed to represent the complex
relationship between the coefficient of variation of luminaires and illumination with 63
input variables, 6 output variables and one hidden layers with 10 neurons.

The integrated approach to use daylight harvesting control along with indoor artifi-
cial lighting control to achieve efficient indoor lighting design was implemented in using
ANN with different techniques. In [15], the paper proposes daylight-adaptive and en-
ergy-efficient smart indoor lighting control technique to adjust dimmer devices using
ANN. The proposed ANN controller consists of three main blocks Initiator, Preprocessor,
and Decision-maker. Initiator automatically detects system elements. The target outputs
of photodetectors are calculated by linear optimization at the preprocessor unit. Then, the
target illuminances initiated by preprocessor block, and finally, decision-maker unit de-
termines the required dimming levels of the lights. This proposed system took in consid-
eration the daylight contribution as uncontrollable input that considered a major limita-
tion in the design to achieve indoor lighting system with controlled daylight harvesting
in order to minimize the lighting system consumption. Moreover, by considering the day-
light harvesting as uncontrollable variable, glare problem is overlooked. In [16], the au-
thors proposed effective ANN model that uses same number of lights and task table to
train the network. The inverse model of the trained ANN is used for controller design.
The roller bind is used as accessory to be either fully open and provide daylight contribu-
tion, or fully closed to avoid the glare. Standard feed-forward ANN consists of one input
layer, one hidden layer, output layer and Bayesian Regularization back propagation algo-
rithm for training are used. = However, this method did not consider economic solution
in case of over-illumination due to daylight harvesting, when it may cause glare, and the
controller fully closes the blind, which will force the artificial light to consume more power
to achieve the required illumination and compensate the loss in the daylight contribution.

As it is noticed from the lecture review, none of the research work used the daylight
harvesting control to provided low cost integrated precise indoor lighting control using
ANN without glare and/or over-illumination.

In previous research work [17], the paper presented accurate classical control tech-
nique to provide integrated design for indoor lighting system that considers both the day-
light harvesting and LED lighting system as controllable variables to solve the over-illu-
mination problem, and utilizing the advantage of windows that have daylight diffusing-
glazing to achieve even distribution for the daylight entering the room and to solve glare
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problem. This approach was reintroduced using Fuzzy MIMO technique instead of clas-
sical technique in [18].

In this Article, the author provides a further research work to develop ANN Lighting
controller (ANNLC) instead of the classical and fuzzy logic controller (FLC) that were
introduced in [17] and [18] respectively. The results that will be obtained from the ANN
approach, will be compared with the results that were obtained from using the classical
controller and the FLC. In Section 2, the procedures of the ANNLC design is given. The
response of ANNLC is illustrated in Section 3. Comparison between the response of clas-
sical-controller, FLC and ANNLC is discussed in Section 4. Finally, Section 5 presents
the summary and conclusion .

2. ANNLC design procedures:

There are three steps required when ANN is used to develop a controller for any
system:
¢ Identification of the system that is required to be controlled in order to create
the required database for neural network modelling and training process.
e ANNLC Design in which the created database is use to construct and train
the ANN
e Test the ANNLC

2.1. System identification and Database

For the required system identification and database creating, the classical controller
illustrated in [17] is used. Figure 1, retrieves the Simulink schematic diagram that uses
the classical control [19].
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Figure 1: ISLSC Simulink circuit

Twenty-eight test cases, that their input and output are illustrated in Figure 2 and
Figure 3 respectively, are carried out to cover the following ranges:
e Average Daylight Entering Room (ADER): 47— 935 Lux
e Desired Lux (DL) in offices [20]: 105 — 707 Lux
e These ranges of input variables produce output control signals with the fol-
lowing ranges:
e Stepper Motor Control Signal (SMCS): 0 -574 Lux
e LED Control Signal (LCS): 0=13.2 mA
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Figure 3: Output Signals ANN training

Table 1 illustrate the input and output variables that are created from 28 study-cases and it will be used

to train the required ANNLC.

Table 1: ANNLC Input / Output

Input Output
ADER DL SMCS LCS
218.9592 242.3235 0.0000 0.4673
218.9593 130.5790 88.0000 0.0000
218.9594 541.2620 0.0000 6.4460
218.9595 541.5430 0.0000 6.4520

47.0446 707.5500 0.0000 13.2100
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47.0446 349.2760 0.0000 6.0450
47.0446 437.6200 0.0000 7.8120
47.0446 640.1280 0.0000 11.8620

678.8650 122.4720 556.0000 0.0000
678.8660 134.7500 544.0000 0.0000
678.8670 444.3050 236.0000 0.0000
678.8680 536.2470 143.0000 0.0000
679.2960 105.0000 574.0000 0.0000
679.2960 349.2200 330.0000 0.0000
679.2960 143.4470 536.0000 0.0030
679.2960 371.3660 308.0000 0.0014
934.6930 546.4000 388.0000 0.0000
934.6930 482.8350 452.0000 0.0028
934.6930 704.784 230.0000 0.0018
934.6930 650.006 285.0000 0.0063

383.5000 442.5040 0.0000 1.1800
383.5000 159.7770 224.0000 0.0055
383.5000 525.0470 0.0000 2.8310
383.5000 370.4000 13.0000 0.0000
519.4160 555.7740 0.0000 0.7272
519.4160 691.7070 0.0000 3.4460
519.4160 595.4290 0.0000 1.5200

519.4160 270.5900 249.0000 0.0036

2.2. ANNLC Design:

The database listed in Table 1 are used to design and train the proposed ANNLC
with standard feed-forward ANN consists of input layer of with two variables, out layer
with two variables and one hidden layer with 20 neurons. Bayesian Regularization back
propagation algorithm is used for the training process.

2.3. ANN training and testing

For training process, 80% of the data are used. The remaining 20% are used to test
the performance of ANN. After the training of ANN is complete, its performance is tested
and the result is illustrated in Figure 4 that shows the training regression. From this re-
sults, it is clear that the ANN is trained satisfactory and ready for to be used as ANNLC
for the lighting.
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Figure 4: Training regression results

Figure 5, illustrate the Simulink model for the lighting system connected to the pro-
posed ANNLC. In this model ANNLC is connected in such a way to replace exactly the
classical controller.
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Figure 5: Lighting system connected to the proposed ANNLC.

3. ANNLC Response Results

The developed Simulink model in Section 2 is used to test the response of the ANNLC
at different combination values of “Desired Lux” and “Available Average Daylight Enter-
ing the Room” to cover the full range of both input. Figure 6 illustrates the results.
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Figure 6. Response of the ANNLC.

From the response of thee ANNLC illustrated in Figure 6, it can be observed that the
controller performance is accurate, and the desired illumination has been achieving along
the full range of the inputs with solute absolute maximum error of 8% approximately, and
absolute average error of 3% approximately. This error is acceptable as the light intensity
remains within the permissible margin that doesn’t disturbance of the human eye (+/- 30
%) [21]. It can be also observed that during the full range of input values the control sig-
nals, that are generated by the ANNLC to control the LED, do not cause any overshoot
case in the LED response.

It is worth to mention that the spikes appear in the “Net Room Lux” curves response,
are due to the software calculation algorithm and it is not real values in the system re-
sponse. This can be confirmed by adding the Curtain Lux to the LED Lux to obtain the
Room net lux results without these spikes.

4. Comparison Between the Performance of ANNLC, FCL and Classical-control:

It is important now to compare between the performance of the classical control and
FLC that are introduced in [17] and [18] with the ANNLC that is presented in this article.
This comparison is required for the designers who need to decide which technology they
have to select, and have some sort of hesitation.

In this compression, exactly same design criteria are considered to model the three
controllers: Classical Controller, FLC and ANNLC. Then, a comprehensive study cases
are carried out considering the following inputs:

e “DL” for standard illuminance level of offices (500 Lux).
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¢ Nonlinear scenario of “ADER” to simulate the daylight interning an office
from west side Window with diffuser glazing.
In Figure 7, the response of the three controllers, are illustrated.

d0i:10.20944/preprints202209.0269.v1

Figure 7. Comparison between the response of Classical Controller, FLC and ANNLC.

The following Table 2 summarizes the statistics of the absolute error, with respect to

the desired illuminance value, for the responses of the three controllers:

Table 2. Result Statistics.

Statistics Classical Control FLC ANNLC
Minimum Absolute error % 0 1.137%10-4 1.137*10-14
Maximum Absolute Error % 7.373 7.245 8.83
Maximum Absolute Transient Error % 7.373 7.245 8.83
Minimum Absolute Transient Error % 0.2 1.137%10-14 1.137*10-14
Maximum Absolute Steady State Error 0 7.225 3.084

%

Minimum Absolute Steady State Error % 0 6.813 0.73
Average Absolute Error % 1.542 5.026 3.957
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From Figure 7 and Table 1, it can be noticed the following:

o Theresponse of all three controllers are within the acceptable margin +/- 30%,
so the human eye will not recognize the fluctuation of the illuminance inside
the office.

e Based on average absolute error, the highest accuracy is obtained by the clas-
sical controller (1.542%), and the least accurate controller is FLC (5.026).
ANNLC is in between with average absolute error of 3.957%.

e Economically in this particular design, for continuous operation, FLC is the
most economical as from Figure 7 it shows that the achieved illuminance is
acceptable. Also in the same time, most of the time when the (ADER) is less
than (DL), the illuminance level is the least compared with other controllers,
and hence the power consumption using the FLC is the least. However, in
any other different design, the economic comparison need to be done based
on the response of the actual design.

e For the three controllers, the individual maximum absolute transient error is
always higher than the maximum absolute steady state error.

e It is worth to highlight that for maximum absolute Transient error values,
FLC error (7.245) is slightly less than Classical Controller error (7.373) and
much less the ANNLC error (8.83).

5. Conclussion

The paper started with literature review for the previous researches that are carried
out to design different controllers for daylight and/or artificial light that can be installed
indoor using ANN for economic power consumption, customer satisfaction or both. Then
the paper gave detailed procedures to design ANN controller with two input and two
output to control simultaneously LED system and roller blind. =~ The performance of the
proposed controller is compared with equivalent two controllers were designed in previ-
ous worm using but using classical control and fuzzy control. The result shows that the
three controllers are accurate. However, there response have slight different performance-
based with different errors.
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