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Abstract. Energy efficiency represents one of the main challenges in the
engineering field, i.e., by means of decreasing the energy consumption due
to a better design minimising the energy losses. This is particularly true
in real world processes in the industry or in business, where the elements
involved generate data full of noise and biases. In other fields as light-
ing control systems, the emergence of new technologies, as the Ambient
Intelligence can be, degrades the quality data introducing linguistic val-
ues. The presence of low quality data in Lighting Control Systems is
introduced through an experimentation step, in order to realise the im-
provement in energy efficiency that its of managing could afford. In this
contribution we propose, as a future work, the use of the novel genetic
fuzzy system approach to obtain classifiers and models able to deal with
the above mentioned problems.

1 Introduction

Energy Efficiency represents a big challange in different engineering fields as elec-
tric energy distribution [11], efficient design and operation [9], modeling and sim-
ulation [3], etc. In general, multi-agent architecture and the distribution among
the intelligent devices of the control and the optimisation of the decisions may
improve the energy efficiency [18]. In what follows, the field of lighting control
systems will be analysed for the sake of simplicity, although the main conclusions
can be extended to any other area.

In a lighting control system (see Fig. 1), the lighting system controller is the
software responsible for co-ordinating the different islands and for integrating
the information from the Building Management Systems (BMS). In each island,
a controller establishes the operation conditions of all the controlled ballasts
according to the sensor measurements and the operation conditions given by the
lighting system controller.
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Fig. 1. The schema of a lighting control system. Each island includes a closed loop
controller with the controlled gears, the luminosity sensors, the presence sensors, etc.
The lighting system controller is the responsible of co-ordinating the islands.

The lighting control systems have been studied in depth: simulation issues
[3], sensor processing and data improvement [4], the effect of daylight in the
energy efficiency [7]. Moreover, the improvement in the energy efficiency and its
measurement have been analysed in [7, 9].

Nevertheless, the meta-information in the data gathered from processes is
rarely used, and it is mainly related to non stochastic noise. This meta-information
related with the low quality data can also be due to the precision of the sensors
and to the emergence of new technologies such as Ambient Intelligence and the
user profiles. In our opinion, the use of Genetic Fuzzy Systems (GFS) could im-
prove the issues related with energy sharing and efficiency in distributed systems.
We propose using the GFS able to deal with the meta-information to achieve
better energy efficiency results.

In this research we show how the uncertainty in real world problems can be
observed, specifically, in lighting systems. We propose the use of a novel method
for learning GFS with low quality data for improving the energy efficiency in
distributed systems taking advantage of the meta-data due to low quality data.
The remainder of this manuscript is as follows. Firstly, a review of the literature
concerned with considering the low quality data in modeling and in designing
indexes is shown. Then, it will be shown the uncertainties in real world problems
like the simulation of lighting control systems. Finally, some conclusions in how
to manage such low quality data are presented.

2 Issues in low quality data management

The need for algorithms able to face low quality data is a well-known fact in
the literature. Several studies have presented the decrease in the performance of
crisp algorithms as uncertainty in data increases [5].

On the other hand, [10] analyses the complexity nature of the data sets in
order to choose the better Fuzzy Rule Based System. Several measures are pro-
posed to deal with the complexity of the data sets and the Ishibuchi fuzzy hybrid



genetic machine learning method is used to test the validity of the measures. This
research also concludes in the need to extend the proposed measures to deal with
low quality data.

With low quality data we refer to the data sampled in presence of non stochas-
tic noise or obtained with imprecise sensors. It is worth noting that all the sensors
and industrial instrumentation can be regarded as low quality data. In our opin-
ion, one of the most successful researches in soft computing dealing with low
quality data is detailed in [2, 13]. In these works the mathematical basis for de-
signing vague data awareness genetic fuzzy systems -both classifiers and models-
is shown. The low quality data are assumed as fuzzy data, where each α−cut
represents an interval value for each data.

Finally, it is worth pointing out that the fitness functions to train classifiers
and models are also fuzzy valued functions when faced with low quality data.
Hence the learning algorithms should be adapted to such fitness functions [16].
The ideas and principles previously shown have been used in several applications
with low quality data, with both realistic and real world data sets. [14, 15, 19].

3 Low quality data in lighting systems and the energy
efficiency

Lighting control systems aim to set the electric power consumption for the bal-
last in the installation so the luminance accomplishes with the regulations. In
such systems, the luminance is measure through light sensors. Variables as the
presence of inhabitants are also used in lighting control systems. Even though
there are more variables, the relevance of the former is higher as it is used as the
feedback in the lighting control loop. Nevertheless, the output of such sensors is
highly dependant of the sunlight, the magnitude varies from one sensor to other,
the repeatability is a compromise, etc. Consequently, the output of the sensors
is usually filtered and then used as the feedback of the control loop, always as a
crisp value.

Simulation of lighting systems has been widely studied, mainly to improve
the energy efficiency [3, 7]. A lighting system simulation needs to simulate the
light measured in a room when a total electric power is applied for lighting. A
simulation will use models to estimate the response of the light sensors. The
main objective in simulation is to set and tune PID controllers for light control
systems.

As before, the measurements from light sensors are considered crisp values,
and so the inputs and the outputs of the light sensor models. To our knowledge,
no model has been obtained including the meta-information due to low quality
data and, thus, the effect of the daylight and other variables are introduced
artificially -i.e., by considering such information within the input data set.

Let us consider one simple case. Let us suppose the simulation of the lighting
system shown in Fig. 2, where there is a simple room with one light sensor
installed and the light gears accomplishing the regulations. Where to fix the light
sensor is of great significance as the shorter the distance from the light sensor to



the windows the higher the daylight influence in the light measurements. On the
other hand, the daylight should be estimated from the inner light sensors when
no daylight sensors are available.

Fig. 2. The lighting system to simulate. Different places for the light sensor are pro-
posed. The light measured will differ from one case to another.

Let us suppose the light sensor installed next to the window, with the light
sensor being a LDR (light dependant resistor). Let us also consider a lighting
control system that allows regulations on the electric power for lighting, so it
is possible to introduce several steps, say 0%, 33%, 66% and 100% of the total
power installed. Finally, there was a blind that could be opened or closed. In
this scenario, several experiments were carried out. In all of them, the controlled
variable was the percentage of electric power for lighting and the output from
the light sensor (as a voltage value) was sampled.

The first experiment was the step response increasing and decreasing the
controlled variable with the blind closed, measuring the light sensor output.
This experiment was carried twice for each sensor, and repeated for five different
sensors. In Fig. 3 the results are presented. As can be seen, the measurements
are highly dependant of the sensor itself, but also the hysteresis behaviour can
be perceived. In all the figures normalised values are presented for the sake of
clearness.

Anyway, this is a measure linear with the resistance of the LDR, but what
about the luminance? To calculate the lluminance R = C0 · L−γ applies, where
R is the measured resistance, C0 and γ are constants for each LDR. LDR’s are
characterised with a range of possible values of resistance for a luminance of 10
lux (R10). In case of the ones used in the experiments, R10 varies from [8, 20]kΩ
and γ is 0.85, typically. Thus, given a sensor, a minimum and a maximum of
the luminance can be obtained if a resistance value is measure (see Fig. 4). And
for the up/down step responses there is a wide margin of possible values of the
luminance as shown in Fig. 5.



Fig. 3. The normalised output of the different light sensors. The up/down cycle was
repeated twice for each one, so the dashed lines corresponds to the second run. Ten
samples were consider for each step. No transient was considered, the sample rate was
1 sample/second.

Fig. 4. The resistance against the luminance for the minimum and maximum bounds,
both variables in percentage of their maximum value. A measurement of resistance
corresponds with an interval of luminance. I.e., if r = 0.6 induces a luminance in the
range [∼ 0.04,∼ 0.15]%, where the hysteresis does not allow to establish the exact
values of luminance.



Fig. 5. The minimum and maximum values of luminance for the step responses. It
can be seen that for the same power level different luminance values can be calculated
using the sensor datasheet. Again, it can be seen the response lacks of hysteresis.

The second experiment includes the opening of the blind. Three positions
were consider: totally close, half open and totally open. With the same charac-
teristics as in the first experiment, the step responses for the up/down sequence
for one of the sensors is shown in Fig. 6 and Fig. 7.

Fig. 6. The normalised output of the light sensors for different blind positions. The
up/down cycle was reapeted twice for each one, so the dashed lines corresponds to the
second run. Ten samples were consider for each step. No transient was considered, the
sample rate was 1 sample/second.

As can be seen, there is an evidence that light controllers can not be optimum,
thus the energy efficiency in lighting control systems can be improved if such low
quality data is considered. Specifically, the use of the methodology using classical
control theory proposed by different authors as [3] may not be the best choose. In
our opinion, the use of GFS to obtain models for simulation of lighting systems
would help in the integration of the meta-information. The use of GFS allows
determining behaviour laws and interpretability of the phenomena. Moreover, if



low quality data is included in obtaining the models of the sensors the controllers
would be robust to such variability.

Fig. 7. The minimum and maximum values of luminance for the step responses when
the blind is totally opened for a stormy weather day.

4 Conclusions

Improving the energy efficiency represents a challenge in the real world applica-
tions, especially distributed systems within building management systems. The
higher the human interaction in field the higher relevance of intelligent techniques
that consider the meta-information and interpretability. Meta-information refers
to the information that is present in a process but rarely considered, such as the
data non-stochastic noise or the sensor precision and calibration, but also the
ambiguity in the linguistic and crisp data. Meta-information can be presented
as low quality data.

GFS have been found valid in energy efficiency, but have also been extended
to manage interval and fuzzy data. Interval and fuzzy data are mechanisms
to represent the low quality data. In this work the extended GFS to manage
fuzzy data is proposed to be used in the energy efficiency improvement. To
illustrate the idea, the uncertainty in the luminance measurements from light
sensors is analysed. We expect that fuzzy data awareness GFS will outperform
the modeling and simulation process, so better controllers can be obtained.
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