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Abstract. In a room containing controllable lights and sun blinds as well as

brightness sensors, the Evolutionary Platform for Intelligent Cooperation spec-

ifies a distributed evolutionary approach to adjust the light and sun blind configu-

ration. It automatically adapts to sensors and actuators going on or off, changing

requirements, and unexpected changes of external actuators. This paper demon-

strates the flexibility of EPIC by several simulated runs in a virtual smartroom

environment.

1 Introduction

One of the standard scenarios of ubiquitous computing can be described as follows: A

group of people enters a room in order to hold a meeting session. The room contains

installed lights, microphones, and a beamer; the entering people carry laptops and cell

phones with them. How can the available technology support these people, at a mini-

mum without the requirement to explicitly hand-tweak device connections or settings?

Section 2 briefly reviews previous research in this area, which focuses on building

elaborate a-priori ontologies of the room and every single technological element inside

the room. Based on one such ontology, a previous solution then works in three steps:

(1) based on sensor data, it constructs a world model using the ontology, (2) it performs

user intention detection on the world model, and (3) it executes a plan of action inferred

from that. The downside of this approach is that either the ontology has to anticipate

everything that can ever happen at any time, or the approach fails when it encounters

something that cannot be adequately described in the ontology.

To avoid the problems associated with large and elaborate world models, this paper

follows a probabilistic approach based on evolutionary optimization, focusing on one

specific scenario: Given a number of lamps and sun blinds as well as brightness sensors,

the task is to automatically adjust the lamps and sun blinds to meet reference values for

the sensors. This task is complicated by the presence of unknown, additional, and failed

actuators and more so in the presence of external actuators, such as the sun shining

through a window.

Modeling the exact lighting situation in a room is complex, and predicting the effect

of changes is expensive: it is thus useful to use the world as its own best model [1],

which makes it a textbook example for evolutionary optimization.



In short, evolutionary optimization is a method that uses random variations to find

the vector x that minimizes or maximizes an objective function f (x). In its simplest
representation, called (1+1)-evolution, evolutionary optimization starts by making an
initial guess x0, and generates a new modified guess x

′. The algorithm then picks the

guess with the lower value of f to be the initial guess for the next step. The main advan-

tage of evolutionary optimization is its applicability to nonlinear, multimodal, and even

unknown optimization functions f . For the problem at hand, the vector x describes the

configuration of the room, consisting of the lamps’ brightnesses and sun blinds’ posi-

tions. Furthermore, the function f is unknown, and possibly nonlinear and multimodal.

However, values for f (x) can be obtained by setting the room configuration to x and
sampling the sensor measurements. As described in Section 3, the EPIC architecture

combines this approach with a novel distributed evolutionary optimization algorithm.

Section 4 applies this method to a simulated raytraced environment and gives results

in this scenario. These results demonstrate that the EPIC architecture can react quickly

and intelligently to changing requirements, failed actuators, and changing external ac-

tuators. Finally, Section 5 concludes this paper with a brief discussion, highlighting the

main problem of EPIC, which is reliance on an external system to provide reference

values, and outlining future work.

2 Literature Review

Some research for smart room control is focused on providing complete abstract models

of the smart room environment, e.g., extensive ontologies for world models [2, 3]. Other

research is based on the same assumption, i.e., that much could be done if only accurate

world models were available. For example, The EasyLiving project [4] is mainly con-

cerned with providing accurate user and object positioning through computer vision, as

an abstract knowledge base for a superordinate control and planning layer. Das et al. [5]

focus on accurate position prediction, given accurate position information. In a similar

vein, Singhvi et al. [6] formulate the illumination problem with total knowledge as a

discrete NP-complete optimization problem for which only heuristics are available, and

which can only be solved offline.

More closely related to this work are those that use genetic algorithms: Guillemin

and Morel [7] use genetic algorithms to optimize the parameter settings of a fuzzy

logic controller controlling the environment lights. In the iDorm environment, Tawil

and Hagras [8] use genetic optimization to select weights for a correlation matrix that

connects all sensors with all actuators. If the activation potential for the actuator is

sufficiently high, the actuator is switched on. In both cases, the genetic optimization is

run on a central machine that has all the information and does not consider external or

broken actuators, or even devices removed or added while the system is running.

3 Distributed Evolution and its Application to the Smart Meeting

Room Scenario

The scenario, as described in Section 1, consists of a room with a number of networked

devices with rudimentary processing capabilities. As depicted in Figure 1, each of these



devices is either an actuator or a sensor, yet neither the number of devices nor their types

are known a priori. Furthermore, devices can be moved in or out of the room at any time.

Overall, the EPIC architecture is characterized by a continuous evolutionary pro-

cess, consisting of an infinite series of synchronous time steps. At the beginning of each

time step, every actuator chooses a current state. Then, the sensors measure the actual

state of the room and broadcast these measurements as well as the reference values for

all sensors. At the end of the time step, every actuator incorporates these measurements

into its behavior.

All actuators use the same (1+ 1)-evolution strategy [9] in their decision making
process. At the beginning of a time step, every actuator applies a random variation of

its internal state and sets this new state as the current one. When an actuator receives

the measurements and reference values, it uses these values to decide whether to keep

the new state, or revert to the previous state.
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Fig. 1. Network layout of the EPIC architecture containing sensors and actuators. All sensors

broadcast their measurements on the event channel, which is subscribed to by all actuators. Every

actuator has its internal evolution strategy that is used in the decision making process.

To make the decision between keeping the new state and reverting to the old one,

every actuator has to maintain a reference state and a reference overall error value. The

actuator calculates the overall error value ẽ from the N sensor measurements mi and

reference values ri as

ẽ=
N

∑
i=1

(mi− ri)
2
. (1)

The reference overall error value is the minimum error which has occurred at some

point in the evolution. There are six types of events that can influence the absolute value

of the overall error and which are considered by the EPIC architecture: (1) a sensor goes



online, (2) a sensor goes offline, (3) an actuator goes online, (4) an actuator goes offline,

(5) the reference value for a sensor is changed, and (6) an external actuator changes its

state. With respect to Equation (1), these events manifest themselves as changes in

the number of sensors N, the measurements mi, or the reference values ri; these are

exactly the variables on the right-hand-side of the equation. Thus, an event invalidates

the knowledge about the optimization process. As not all events are detectable, the EPIC

architecture handles this by revalidating the reference overall error value in regular

intervals.

The novelty of this distributed evolution approach is that a genome is neither prede-

termined nor centralized. EPIC achieves this by only storing that piece of the genome

that applies to an actuator on that specific actuator. Thus, the total genome length adapts

dynamically to the demand, by growing when actuators are added, and shrinking when

they are removed. Furthermore, each actuator can individually tailor that piece of the

genome that applies to it.

4 Simulation and Results

The EPIC architecture was simulated in a virtual lab, fashioned after an actual lab, and

using a raytracer to determine the lighting conditions. Figure 2 shows the room’s layout

as well as a raytraced picture from the simulation environment. The room is almost

square and contains a number of tables and chairs. It also contains six ceiling lights in

a regular 2x3 pattern and window shutters for both windows, all remotely controllable.

Furthermore, there are two brightness sensors in the room, one on the table at the left-

hand-side and one on the wall on the right-hand-side. The actual room is regularly used

for meetings with discussions and presentations.

Lamp

Table

Chair

Shutter

Sensor

Fig. 2. The picture on the left-hand-side shows a raytraced image of the simulated smartroom. The

drawing on the right-hand-side shows the layout with tables, chairs, lamps, sensors and window

blinds.



4.1 Scenarios

A large number of different scenarios can be inferred from the actual usage of the room.

Two criteria determine the choice of scenarios: (1) the scenarios should be natural, i.e.

they can occur in the daily usage of the room, and (2) the scenarios should demonstrate

how the room controls can fail.

Scenario 1 Switching on the Lights

At the beginning of the simulation, all lights are switched off and it is dark outside.

The room is, thus, also dark. The target values for these sensors are set to working

level brightness values.
In this scenario, the room controls can fail by not switching on the lights, and also

by not switching them on quickly enough.
Scenario 2 Lamp Failure

The beginning of this scenario is identical to the first scenario. In addition, the lamp

in the middle on the left-hand-side of the room fails after 500 timesteps, i.e. after

convergence. The lamp fails physically, i.e., it does not emit light although it may

still be switched on.
Here, the room controls can fail to recognize the lamp failure, especially as the

lamp is still available on the network and part of the control process.
Scenario 3 Sunlight during Presentation

This scenario is similar to the first scenario, except for the brightness value for

the sensor on the right-hand-side of the room. The target value for that sensor is

set to darkness, so that the slides projected to that very same wall are visible to

the audience. The lamps on the right-hand-side of the room are entirely dark, and

sunlight starts to fall into the room starting at timestep 0.
The room controls can fail by not taking into account the additional brightness that

results from the unexpected brightness change.

4.2 Results for Scenario 1 - Switching on the Lights

Figure 3 displays the combined timelines for multiple simulation runs of the first sce-

nario. The error curve starts off with a high error at time 0 and goes down quickly. It

flattens after about 60 to 80 steps. A practical implementation of EPIC should thus per-

form on the order of 100 timesteps per second to produce a small acceptable delay for

switching lights on or off.

4.3 Results for Scenario 2 - Lamp Failure

Figure 4 shows the combined timelines for multiple simulation runs of the second sce-

nario. The error curve starts off with a very small error at time 0, and stays there until

time step 50, at which the lamp failure occurs. There, the error goes up, and after a few

time steps, goes down again to converge to a new, slightly higher, error value about 100

to 150 time steps after the failure.

Apparently, EPIC can handle lamp failures and adapt to them quickly. However, the

new situation cannot be as good as before the lamp failure in this situation, because the

other lamps cannot fully compensate for the failure. In practice, lamp failures are going

to occur rarely, but this finding indicates that EPIC can handle even that.
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Fig. 3. Accumulated timelines of 1000 simulated runs of the first scenario. The line denotes the

average error for that timestep; the error bars denote the minimum and maximum error.
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Fig. 4. Accumulated timelines of 1000 simulated runs of the second scenario. The line denotes

the average error for that timestep; the error bars denote the minimum and maximum error.



4.4 Results for Scenario 3 - Sunlight during Presentation

Figure 4 shows the combined timelines for multiple simulation runs of the second sce-

nario. The error curve starts off with a large error at time 0 and goes down slowly. The

average error flattens after about 150 time steps, but the maximum error at that time is

still significant. The maximum error flattens considerably slower than the average error.
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Fig. 5. Accumulated timelines of 1000 simulated runs of the third scenario. The line denotes the

average error for that timestep; the error bars denote the minimum and maximum error.

The EPIC architecture handles this scenario by lowering the window blinds of the

window on the right-hand side, thus reacting to the unexpected light incidence. How-

ever, convergence happens considerably slower than in the first scenario.

5 Discussion & Conclusion

As has been illustrated in the previous section, the EPIC architecture can handle the

room illumination problem. It intelligently reacts to natural room events, even to those

which are not easily detectable by usual means, such as actuator failures and external

actuator changes. EPIC requires only minimal modelling to be fully functional.

However, the EPIC architecture also has a major shortcoming: It relies on a sec-

ondary or external system to provide reference values for the sensors to optimize for.

Reference values could be provided by an inference system that automatically infers

the users’ wishes based on their behavior, or they could also be provided by the users

themselves. Users may find it more convenient to describe the desired room lighting

configuration instead of controlling the lighting directly, especially in a complex light-

ing situation.



Future work will focus on improving the speed of convergence. For example, in the

third scenario, presenting the information that lowering the window blinds will likely

reduce the incident light can help achieve much faster convergence. Fundamentally,

this information must be presented in a way that retains the self-healing properties of

the evolutionary optimization approach.

However, the major obstacle for this kind of technology is not technological, but so-

cial [10, 11]. Will users accept the loss of control that goes hand in hand with automatic

lighting systems? The tradeoff involved here is between the increased convenience pro-

vided by an automatic system versus the increased inconvenience if the automatic sys-

tem behaves incorrectly, not necessarily due to software failures, but also due to the

inability to read the users mind.

References

1. Brooks, R.A.: Intelligence Without Reason. In Myopoulos, J., Reiter, R., eds.: Proceed-

ings of the 12th International Joint Conference on Artificial Intelligence (IJCAI-91), Sydney,

Australia, Morgan Kaufmann publishers Inc.: San Mateo, CA, USA (1991) 569–595

2. Bry, F., Hattori, T., Hiramatsu, K., Okadome, T., Wieser, C., Yamada, T.: Context Modeling

in OWL for Smart Building Services. In Brass, S., Goldberg, C., eds.: Tagungsband zum 17.

GI-Workshop über Grundlagen von Datenbanken, Wörlitz, Germany, Gesellschaft für In-

formatik, Institute of Computer Science, Martin-Luther-University Halle-Wittenberg (2005)

38–42

3. Chen, H., Perich, F., Finin, T., Joshi, A.: SOUPA: Standard Ontology for Ubiquitous and

Pervasive Applications. In: International Conference on Mobile and Ubiquitous Systems:

Networking and Services, Boston, MA (2004)

4. Krumm, J., Harris, S., Meyers, B., Brumitt, B., Hale, M., Shafer, S.: Multi-Camera Multi-

Person Tracking for EasyLiving. In: Proceedings of the Third IEEE International Workshop

on Visual Surveillance (VS’2000), Los Alamitos, CA, USA, IEEE Computer Society (2000)

5. Das, S.K., Cook, D.J., Bhattacharya, A., III, E.O.H., Lin, T.Y.: The Role of Prediction Al-

gorithms in the MavHome Smart Home Architecture. IEEE Wireless Communications 9(6)

(2002) 77–84

6. Singhvi, V., Krause, A., Guestrin, C., Garrett, J., Matthews, H.S.: Intelligent Light Control

using Sensor Networks. In: Proceedings of the 3rd ACM Conference on Embedded Net-

worked Sensor Systems (SenSys 2005), San Diego (2005)

7. Guillemin, A., Morel, N.: Application of Genetic Algorithms to Adapt an Energy Efficient

Shading Device Controller to the User Wishes. In: Proceedings of EPIC 2002, Lyon, France

(2002) 809–814

8. Tawil, E., Hagras, H.: An Adaptive Genetic-Based Architecture for the On-line Co-

ordination of Fuzzy Embedded Agents with Multiple Objectives and Constraints. In: Pro-

ceedings of the IEEE International Symposium on Evolving Fuzzy Systems (EFS ’06), Lake

District, UK (2006)

9. Rechenberg, I.: Evolutionsstrategie: Optimierung technischer Systeme und Prinzipien der

biologischen Evolution. Frommann-Holzboog, Stuttgart (1973)

10. Edwards, W.K., Grinter, R.E.: At Home with Ubiquitous Computing: Seven Challenges. In:

UbiComp ’01: Proceedings of the 3rd international conference on Ubiquitous Computing,

London, UK, Springer-Verlag (2001) 256–272

11. Intille, S.S.: Designing a Home of the Future. IEEE Pervasive Computing 1(2) (2002) 80–86


