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Abstract—To realise the dual objective of low-energy and high-comfort in building interiors, sophisticated controllers are seen as 
viable solutions. Such controller design and optimisation is a complex one but the availability of abundant computing power and 
application of intelligent techniques have made the realisation of such a system possible. This work proposes a methodology for the 
design of intelligent controllers that can be used in daylight-artificial light integrated lighting schemes. The model based controller 
approach and the relevance to the same in the present day building scenarios is highlighted. The advantages of combining 
simulator and learning are accentuated in this paper. This specific model-based approach is promising because of its capacity to do 
away with the sensor dependency and the resulting model is more compact (due to smaller number of rules), smooth (due to the 
inference mechanism’s ability to interpolate among the rules) and adaptive (due to back propagation). 
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I. INTRODUCTION  

Simulation, over the years has become an integral part of 
analysis and control in the domain of building systems. The 
high cost of real life testing and low accuracy of empirical 
methods necessitate simulation in the building domain. To 
realise low-energy and high-comfort environments, 
sophisticated controller is the need of the hour. Such a 
controller design and optimisation is a complex one but the 
availability of abundant computing power and application of 
intelligent techniques have made the realisation of such a 
system possible. This work highlights the advantages of a 
model based approach for the controller in which simulator 
is combined with machine learning to ease the burden of 
dynamic control process.   

An adaptive control system is defined as the one that is 
capable of changing or modifying the behaviour and 
response of an unknown plant to meet certain performance 
requirements. The plant in question is an interior space with 
Venetian blinds, light redirection louvers, blind systems, 
skylights, sensors, dimming ballasts, luminaires, and lamps 
along with corresponding actuators. The test space for the 
daylight-artificial light integrated scheme is very dynamic 
due to the environmental factors such as sky conditions, solar 
radiation, moving cloud cover etc., building factors such as 
type, window orientation, presence or absence of 
neighbouring buildings etc., room layout factors such as 
partition, irregular floor plan, configuration change, presence 
of furniture etc. The time-variant properties of the 
transparent elements in the facade also pose significant 
changes to the amount of daylight entering the building 
interior. The input-output parameters of such an environment 
could be exterior illuminance, daylight on window, interior 

illuminance, heat gain, various glare indices, indoor 
temperature, blind angles, artificial light settings etc. 

Designing an adaptive controller for such a scheme is a 
complex and challenging problem. This becomes more 
compounded with the rapid changes of occupancy patterns 
and subjective nature of user wishes. Therefore, it is of 
paramount importance to pay attention to occupant 
preferences and situations in which occupant conflict can 
arise. Realistic modelling of human behaviour is a major area 
of research in building systems. Occupant control actions in 
a building (i.e. user interactions with environmental systems 
for heating, cooling, ventilation, lighting, etc.) can 
significantly affect both indoor climate and the 
environmental performance of buildings [1]. Nonetheless, 
relatively few systematic (long-term and high-resolution) 
efforts have been made to observe and analyse the means 
and patterns of such user-system interactions with building 
systems [1].  

Since daylight entering a building also brings heat along 
with it, the thermal comfort of the occupants cannot be 
compromised.  The visual comfort parameters such as 
illuminance, uniformity and glare should be synergized with 
the thermal comfort parameters such as Solar Heat Gain 
Coefficient (SHGC), Predicted Mean Vote (PMV) and 
Predicted Percentage Dissatisfied (PPD) etc. PPD is a 
quantitative measure of the thermal comfort of a group of 
people at a particular thermal environment. The energy 
consumption of the overall building must be designed in 
such a way that the daylight penetration does not increase the 
cooling load of the Heating, Ventilation and Air-
Conditioning (HVAC) systems during summer months and 
the heating load in the winter months. So the constraints for 
the controller are that it should contain a feedback 
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mechanism and is intelligent enough to adjust its parameters 
so as to operate in an optimal manner according to the 
environmental and user preferences. 

II. CONTROL PROBLEM IN INTEGRATED LIGHTING 

SCHEMES 

The integrated lighting schemes have to contend with 
multi-variant, dynamic and non-linear processes impacted by 
geographical, environmental and occupancy factors amongst 
many other things. Traditional control methods such as 
Proportional- Integral-Derivative (PID) do not offer 
satisfactory results in dealing with these processes. The 
manual tuning of process loops would result in issues related 
to productivity, safety, quality and energy in these schemes. 
For us to design an adaptive control scheme, the process 
dynamics are to be understood. For this, some form of 
system identification is essential. 

In the daylighting control scenario, we may have some 
uncertain process knowledge but we cannot clearly identify 
the outcome of this knowledge with respect to the control 
process. Hence we assume that the process is unknown and 
treat it as a grey-box problem. This particular control 
problem is also treated as a predictive process model that is 
capable of predicting the future output, based on historical 
information of the process as well as future input.  The future 
system behaviour is thus shown by the model so that 
different control scenarios can be tested to verify the 
corresponding output. The optimisation of such a control is 
to be done within a certain time frame and updated 
continuously online.  

III. SIMULATION MODEL FOR BUILDING CONTROL 

A simulation model is used to pre-assess the performance 
and efficiency of the building by way of analysis of its 
individual components and processes. Simulation can also be 
made use of to study the interaction between its occupants 
and components. Simulation facilitates to see the effect of 
each parameter of components in the overall target system 
being designed when an actual system is not available, or 
under construction. It can serve as a tool during the building 
life cycle at different stages: schematic design, final drawing, 
construction, commissioning, operation, control and 
maintenance. For an existing building, simulation could be 
used for operation, control and maintenance. Simulation can 
be employed in the following subsystems: 

 
 Performance of energy consuming systems such as 

HVAC systems, alternative energy systems such as 
solar and daylighting systems, district heating or 
cooling systems etc. 

 Lighting, lighting control, emergency lighting, fire 
alarm, acoustics, sprinkler systems etc. 

Simulation is used in building systems under the 
following areas:  

 Diagnostics, optimisation methods, validation and 
calibration methods. 

 Mathematical modelling of air flow and heat and 
mass transfer and finding inverse models. 

 Analysis of synergistic effects between building’s 
subsystems (such as lighting and thermal) in tuning 
of characteristics and extent of interoperability 
between subsystems. 

 Sustainable building practices and design tools and 
testing for implementation of codes and standards, 
green building requirements etc. 

 Most importantly, the occupants’ behavioural 
patterns, comfort, productivity, sickness, syndromes 
etc. 

The validation for a simulation model can be done in a 
variety of ways. For example, assuming a particular blind 
angle (control action), the average illuminance 
(corresponding result) can be verified and the assumption for 
input can be validated for a blind control system. Simulation 
can help see how the parameters such as daylight 
illuminance, artificial light illuminance, dimmer settings and 
blind angles influence average illuminance. For the above 
scenario, a sensitivity analysis can be done by varying one 
parameter at a time while the rest are held constant. Another 
technique for validation is to pre-define an outcome to see 
what all possible control actions can result that. Figure 1 
illustrates the flow diagram of such a simulation based 
lighting control approach.  

 
Figure 1.  Flow diagram of simulation based lighting control approach 
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Figure 2.  Two approaches to arrive at a set of control options [2] 

Though there are many ways to arrive at particular 
control options, two are primarily used [2]. (See Figure 2). 
While the Bi-directional Inference Method (BDI) involves 
the explicit definition of control variables (such as dimmer 
setting) and performance indicators (such as average 
illuminance, discomfort glare index), the Generate-and-Test 
Method (GAT) involves the rule-based generation of 
distinct, multiple control options [2]. For example, BDI 
mechanism facilitates the derivation of required changes in 
the dimmer settings based on the desired illuminance level 
whereas GAT results are often multiple criteria evaluation on 
preferences. 

The simulation model, due to its prediction capability, 
can react to unknown and sudden conditions better and the 
real buildings can be made adaptable to conditions such as 
occupancy and environmental conditions by building 
suitable control actions. The simulation model can look at 
the past behaviour and learn to predict better and look 
through to the future to adapt to a variety of control options 
based on a predefined user preference.  

IV. INTELLIGENT SIMULATION MODEL FOR 

DAYLIGHTING CONTROL 

The ultimate priority and challenge in a daylighting 
control scenario is to create a system that consumes 
minimum energy while providing maximum comfort to the 
occupant. Given restrictions that comfort conditions in the 
interior of the building are satisfied, it becomes obvious that 
the problem of energy consumption is a multidimensional 
one [3]. Scientists from a variety of fields have been working 
on this problem for a few decades now; however, essentially 
it remains an open issue [3]. Advances in the field of 

artificial intelligence have shown that the use of “intelligent 
techniques” for the automation of building envelope can 
lower energy consumption and also can keep internal living 
conditions in optimal range [4]. 

The building domain being non-linear and complex as it 
is, the system model has to adapt itself to the environmental 
as well as user controlled variables. To ensure maximum 
occupant comfort, a human override option is inevitable. The 
model should be able to learn from its past experiences for 
adaptation and react according to prediction. This 
requirement has necessitated the use of artificial intelligence 
techniques for thermal and visual domains. These advanced 
computational models can supplement or substitute actual 
modelling systems or procedures.  

A. Limited Capabilities of Lighting Simulator 

Lighting simulation tools are used to see how light will 
behave in a building. The energy consultants, engineers, 
lighting designers, architects and researchers form the core 
of the group who use these tools. There were some problems 
associated with these tools such as complexity and 
insufficient program documentation earlier. The persistent 
research in daylighting and energy friendly lighting systems 
have paved the way for sophisticated lighting tools, which 
predict the indoor lighting levels accurately. To design 
effective lighting control systems, which respond to user 
inputs and environmental conditions, the advanced computer 
simulation softwares play important roles.   

There are several softwares that are available in the 
market for lighting simulation. Built for the purpose of 
daylighting and integrated lighting schemes, each of these 
softwares cater to a particular application and hence has its 
own benefits. There are two methods namely radiosity and 
ray tracing, that are widely used for predicting internal 
luminance calculation for both artificial and daylighting 
conditions. The designers believe that the radiosity method is 
suitable for diffuse surfaces while ray tracing is preferred to 
specular surfaces for accurate illuminance calculation. The 
computational storage is a concern in the case of radiosity 
and the computation time is critical in ray tracing. However, 
the classical algorithms in both these cases have evolved into 
improved simulation tools and hence both these methods are 
now being used effectively. In fact, they are complementary 
methods. Relux is one such tool that uses ray tracing engine 
combined with radiosity features. A room model simulated 
by Relux is shown in Figure 3. 

Typical drawbacks of the lighting simulation tools are a 
high level of complexity and long computation times, both of 
which have inhibited the deployment of lighting simulation 
in the building simulation process. If each time-step requires 
a computation time of many minutes, then the simulations 
needed for the entire season will take far too long to be 
practicable. Different approaches have been proposed by 
previous researchers to reduce the number of daylight 
conditions to be simulated. Daylight factor method [5], 
interpolating between two extreme sky luminance 
distributions [6], grouping all daylight conditions [7] and 
deriving all daylight coefficients from the simulation of an 
entire homogeneous sky [8] are some of the approaches that 
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attempted solving issues associated with the computationally 
intensive process of lighting simulation. Normally, model 
predictions and the control decisions based on them should 
be done within a certain time frame [9]. Those simulation 
programs demanding heavy computation are not suitable for 
the control purpose unless the control state search space is 
dramatically reduced to limit the number of simulation 
sessions necessary for testing different control options [9]. 
The biggest computational challenge lies in time varying 
geometry, such as adjustable blinds and in realistic 
modelling of human behaviour and system control regimes.  

 
Figure 3.  3D variable view of a room model simulated by Relux 

B. Limitations of Learning Approaches 

 Soft computing consists of several learning paradigms 
such as neural networks, fuzzy set theory, genetic algorithm 
etc. In building control applications, soft computing 
applications have been proved useful as found in the 
literature. Table I summarises the strengths and weaknesses 
of each of these methodologies. 

TABLE I.  COMPARISON BETWEEN METHODOLOGIES OF SOFT 
COMPUTING 

Methodology Strengths Weaknesses 

Neural network learning and adaptation  
low-level computational 
structures, requirements 

of sensory data 
Fuzzy set 

theory 
applied at higher level 
of hierarchical control 
systems, reasoning and 

decision making 
through fuzzy if-then 

rules 

not much learning 
capability, difficult to 

tune the fuzzy rules and 
membership functions 
from the training data 

set 
Genetic 

algorithm 
systematic random 

search 
increased complexity 
due to reinforcement 

learning 
Support vector 

machines 
higher learning ability model complexity 

should match data 
complexity, long 

learning time 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.  Functional blocks of fuzzy inference system 

But, in the case of daylighting environment, knowledge 
becomes very subjective due to the changing nature of 
geographical, environmental and occupancy patterns. The 
experts have concerns about structuring this knowledge. The 
block diagram shown in Figure 4 emphasises this 
overdependence of fuzzy controller on the knowledge base 
which ultimately impacts all the other basic steps of fuzzy 
inference process. 

Neural learning, on the other hand, requires large amount 
of data and hence suffers from long computation times. 
When the system undergoes configuration changes, the 
neural learning requires retraining and hence becomes slow 
to respond and adapt. This problem necessitates an addition 
or supplementation of an algorithm so that the retraining 
occurs needing lesser memory.  

V. COMBINING SIMULATOR WITH LEARNING 

TECHNIQUES 

In the daylighting control scenario, the complexity of the 
controller is a major challenge due to the non-linear and ill-
defined nature of the system. Added to this is the fluctuation 
in occupancy and subjective nature of user preferences. If a 
large number of performance indicators such as average 
illuminance, uniformity, heat gain, glare indices, electrical 
power consumption etc. are to be considered for evaluation 
purposes, the control system has to deal with increased 
complexity. Combining simulation with learning can ease 
the burden of complex control process. Table II summarises 
the benefits of combining the simulation model with learning 
techniques.  

While the simulator acts as a source of system 
knowledge, the machine learner learns from the simulated 
data. The cooperation between the simulator model and the 
learner is a two way process which works to the advantage of 
building systems control. The prediction by the simulator is 
improved by learning from the past inputs and should an 
alternative and unexpected control scenario occur in future, 
the model can adapt itself better for unknown conditions 
when tuned online. When simulation is combined with 
machine learning, simulator also acts as a validation tool for 
the machine learning model in addition to providing the data 
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for training. As shown in Figures 1 and 2, the most reliable 
control option can be identified by generating and 
investigating the predicted outputs. 

TABLE II.  CO-OPERATION BETWEEN SIMULATION AND LEARNER 

Simulation Strengths 
Provides prior knowledge to the 
learner 

improves the simulator’s 
prediction by tuning 

Assists the learner in system 
identification of control sensitive 
variables 

learning from the simulator’s 
knowledge, it reduces 
computational complexity and 
time of the building control 
process 

Reduces the large data and 
sensory information needs of 
learner 

can contribute to control search 
space reduction and accelerated 
computation, by some techniques 

A. Suitability of ANFIS Learning for Daylighting Control 

Adaptive Neuro Fuzzy Inference System (ANFIS) is a 
hybrid approach used for the design of intelligent systems in 
which fuzzy logic and neural networks complement each 
other. The use of hybrid intelligent techniques brings to the 
table the advantages of tackling uncertainty, vagueness and 
also catering to high-dimensionality. Typically, the neural 
network is mixed with fuzzy inference systems (FIS) in three 
ways, namely cooperative, concurrent and fused. The most 
common architecture is the fused neuro fuzzy system (NFS) 
that uses neural networks ideas just to learn some internal 
parameters of a fixed structure [10]. The ANFIS belongs to 
fused NFS and is able to approach any linear or non linear 
function (universal approximator) [11]. ANFIS can represent 
structured knowledge and the model structure need not be 
known prior [11]. The synergism in ANFIS allows to 
incorporate human knowledge effectively, deal with 
imprecision and uncertainty and learn to adapt to unknown 
or changing environment for better performance [12]. The 
attractive features of ANFIS include: easy to implement, fast 
and accurate learning, strong generalization abilities, 
excellent explanation facilities through fuzzy rules, and easy 
to incorporate both linguistic and numeric knowledge for 
problem solving [12]. 

 
Data emulation 

We propose that ANFIS can be used to establish the 
relationship between daylight illuminance and blind control 
signals. Conventional techniques for system analysis are not 
suitable for dealing with blind control systems whose 
positions are strongly influenced by occupant’s mood, 
emotions and perception. The illuminance level and blind 
position are typical parameters determined by human options 
and preferences and hence the chosen intelligent technique 
can model these ill-defined dynamics much better, when 
combined with simulation. The main focus is to develop a 
model for the design of a daylighting controller which is 
adaptive and robust to the hot environment. The fuzzy 
technique takes care of tackling uncertainty such as 
environmental conditions while the neural network facilitates 
machine learning to tune the weight matrix for the resulting 
blind position levels. The data based approach of ANFIS 
wherein the knowledge is contained within and extracted 

from data itself is very much applicable for illuminance level 
and blind position coordination because of the nonlinearity 
and ill-defined nature of the system due to environmental 
and occupancy factors. 

 
Fine tuning of membership functions 

Due to the lack of human expertise in the given problem, 
initial membership functions (MFs) are set up by intuition 
and the learning process is initiated so that a set of fuzzy if-
then rules that approximate the data set can be generated. 
Computations in ANFIS effectively tune the membership 
functions so that output error is minimised. The membership 
functions take their final forms after training. This automatic 
generation of data-driven rules and parameter adjustment 
makes ANFIS superior to fuzzy logic. At the same time, 
ANFIS requires smaller number of parameters and hence 
converges to a control decision faster than neural networks.  

 
Reduction of control state search space  

In a building zone where there are multiple shading 
systems such as blinds, louvers etc., the control application 
has to consider numerous options for candidate control state 
space. From the computational point of view, an exhaustive 
coverage of such large search spaces may easily become 
infeasible for realistic applications [13]. A number of 
approaches toward efficient operation of model-based 
control strategies involve search space reduction and 
accelerated computation via substitution of simulation 
engines with neural networks [14]. The proposed ANFIS 
controller has the search space dimensions significantly 
reduced rather than  a pure back propagation method since it 
employs a combination of least squares method and gradient 
descent for updating the consequent parameters and premise 
parameters respectively. To achieve a desired input-output 
mapping, these parameters would be updated according to 
the given training data (daylight illuminance). This kind of 
supervised learning employed in ANFIS is referred to as 
hybrid learning. 

Each epoch of this hybrid learning procedure has two 
passes, forward and backward. In the forward pass, node 
outputs are propagated and the optimal consequent 
parameters are estimated by Least Squares Estimate (LSE) 
while the premise parameters are assumed to be fixed for the 
current cycle. In the backward pass, back propagation 
modifies the premise parameters by gradient descent and the 
consequent parameters remain fixed. This iterative procedure 
is carried on till the error criterion is satisfied. Typically, this 
error criterion is the sum of the squared difference between 
the actual and desired outputs or in some situations, a user 
defined performance measure. Table III summarises these 
activities in each pass.  

TABLE III.  TWO PASSES IN THE HYBRID LEARNING PROCEDURE FOR 

ANFIS [12] 

Parameters/pass Forward pass 

Premise parameters fixed 

Consequent parameters least-squares estimator 
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Parameters/pass Forward pass 

Signals node outputs 

 
This hybrid approach converges much faster since it 

reduces the search space dimensions of the original pure 
back propagation algorithm [12]. This is because of the 
optimal estimation of consequent parameters while assuming 
premise parameters as fixed. The control state search space is 
an important parameter for building systems control 
applications involving several numbers of devices such as 
luminaries, blinds and louvers and is an exponential function 
of the number of devices. The search space reduction is a 
very important advantage ANFIS brings to the table making 
the control process more effective. 

B. Suitability of B-Spline Associative Memory Networks 

B-spline Associated Memory Networks (AMN) are 
characterised by inputs that are multidimensional 
overlapping basis functions. The B-spline AMNs are treated 
as a specific type of neuro fuzzy models which are 
represented by various forms of membership functions. 
Reference [15] has argued the use of such models for 
adaptive control applications. The Adaptive Spline Modeling 
(ASMOD) algorithm [16] uses B-splines to model systems 
of nonlinear nature. Through an incremental refinement 
procedure, the algorithm automatically selects the number of 
inputs and basis functions so that of the model emulates the 
underlying dynamics of training data. The irrelevant inputs 
are excluded which makes the model more transparent to the 
user. These particular features make B-spline neuro fuzzy 
model an interesting candidate to be explored in building 
systems control. 

 
Capability to handle large number of inputs 

In model-based control, integration of multiple systems 
(heating, cooling, ventilation, lighting etc.) could be 
achieved in a more transparent fashion, resulting in 
comprehensive performance specification and monitoring. 
[17]. When dealing with multiple systems, it is desirable that 
the model is able to handle larger number of inputs. In neuro 
fuzzy models, if the number of inputs are n and each of them 
is described by m membership functions, the number of 
fuzzy rules becomes mn. Though large number of rules 
would offer better generalisation capability, many of these 
rules would be redundant for most models. Also, too many 
rules would result in high computation time which is not 
suitable for real time control applications as explained 
earlier.  

B-spline neuro fuzzy models, through the use of 
ASMOD algorithm can tackle this problem of high number 
of inputs when multiple system integration and interaction is 
required. However, in the ASMOD algorithm, the order of 
basis functions is to be determined as a priori. Since higher 
order models introduce more complexity without significant 
benefit, lower order models can be constructed for building 
systems control.  
 
 Ease of interpretation and compactness 

When systems involving a large number of inputs are to 
be analysed, the resulting model becomes complex for 
interpretation. This also means that a reasonable amount of 
membership functions would be essential to describe each 
input so that the semantics are not sacrificed. In such 
scenarios, the automatic exclusion of irrelevant inputs 
facilitates the model to be more compact in terms of number 
of fuzzy rules. This feature also makes the model more 
transparent to the user for interpretation and analysis. 

VI. THE PROPOSED SCHEME 

The block diagram representation of the proposed ANFIS 
scheme is shown in Figure 5. The collection of data for the 
scheme is obtained from simulator because of the need to do 
away with the sensor dependency. By relying on sensors, the 
periphery of the adoptable performance criteria by which a 
desired control option is selected can be restricted. Also, 
placing sensors is not always easy and maintaining sensors 
could become a costly option under some situations. In a 
daylighting environment, the subjective parameters such as 
glare (which depends on occupant’s location and view angle) 
and heat gain (which depends on occupant’s clothing and 
perception, efficiency of Heating Ventilation Air 
Conditioning system, amount of solar radiation etc.) cannot 
easily be measured by sensors. 

The simulated data is to be trained by ANFIS learner 
which would also serve as predictor. If there is any change in 
room configuration, environment or building systems, the 
error between the system output and learner’s predicted 
output increases and the learner will be updated by 
retraining. The controller blocks shown in the ANFIS control 
scheme (see Figure 5) are exact duplicates of each other. 
After the desired signal is obtained from the simulator- 
learner combination, the overall control options will be 
analysed in connection with that of artificial light control.  

 

 
 

Figure 5.  Block diagram representation of the overall ANFIS control 
scheme 
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reduce the dimension of control state search space when 
multiple luminaire and blinds are involved. Dealing the 
control options of artificial light separately reduces the 
dimension of control state search space. As stated earlier, the 
hybrid learning of ANFIS in itself would reduce the 
convergence time substantially and hence such a strategy 
will be an effective one from the computational point of 
view. The actuators provide interfaces to blind controller and 
dimmable luminaire ballasts as shown in Figure 5.   

The B-spline scheme will consist of input parameters 
drawn from room model, sky model, user choice model, 
temperature model and occupancy model. When daylighting 
and cooling systems are to be integrated, heat gain is a 
parameter that plays a significant role in the energy 
consumption of the system. In the model based approach, the 
analysis of thermal and lighting systems can be done 
objectively. 

VII. RESULTS AND CONCLUSION 

In view of the proposed schemes, the following are 
identified as possible form of results. The proposed 
intelligent simulation models will be compared and tested 
with the purpose of demonstrating their quick convergence 
when launched in a scenario of multiple luminaires and 
blinds. The model results will be independently analysed for 
faster convergence to a control decision when compared with 
pure simulator. The speed of convergence of simulation is 
decided by many factors such as the precision needed in 
daylight calculations, presence of luminaires and furniture 
involving a high indirect component, the complexity of room 
configuration, multi room feature etc. In machine learning, 
the step size chosen, number of membership functions, 
sample size, style of input space partitioning along with the 
type of hybrid learning rule influence the convergence time. 
In each of these methods and while combining both the 
methods, the available computing power is also a major 
factor to be considered.  

Convergence of ANFIS scheme is due to the presence of 
least squares algorithm that estimates optimal consequent 
parameters while keeping the premise parameters fixed. The 
hybrid learning of ANFIS also helps reduce control state 
search space which is important in integrated lighting 
schemes that contains multiple luminaires and blinds. B-
spline neuro fuzzy model presents distinct advantages in 
building systems control such as capability to handle large 
number of inputs, compactness and transparency.   It is 
observed from the above points that combining simulator 
and machine learning will enhance the effectiveness of the 
control process. In addition to their prime feature of 
adaptation to occupancy and environment, the models will be 
tested for prediction capability, flexibility, generalisation 
capability, compactness and smoothness. 

This specific model-based approach is promising because 
of its capacity to do away with the sensor dependency and 
the resulting model is more compact (due to smaller number 
of rules than labels), smooth (due to the inference 
mechanism’s ability to interpolate among the rules) and 
adaptive (due to the neural network’s back propagation). The 
application of soft computing techniques in the built 

environment is a very promising field of research and would 
further pave way for more occupant friendly, energy-saving 
schemes in model-based adaptive control methods.  

VIII. FUTURE WORK 

Future work on the proposed schemes is not only viable 
but also required. The following are some suggestions for 
model design that can be attempted to verify the 
effectiveness of the control process. 
 

 The computational complexity of ANFIS can be 
decreased by a variety of methods to accommodate 
scenarios requiring larger number of inputs. These 
include using “don’t care” values in rules or using 
heterogeneous partitioning for state variables. 

 In addition to using least-squares method, the step 
size also controls the convergence time to a control 
decision and hence the same can be attempted.  

 Using Genetic Algorithm (GA) schemes, the control 
actions of the system can be customised to 
individual occupant’s requirements.  Interpreting and 
analysing the user interactions can act as a guide to 
designing this learning approach. 

 The visual and thermal comfort of the occupants is 
the ultimate priority to schemes in building 
simulation.  For this, the heat gain modelling studies 
are of prime importance. The analysis of interaction 
between the visual and thermal domains can be 
attempted with ease using model-based approach. 
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