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A bstra c t: Evaluation of building energy efficiency necessitates systematically designed experimental stud-
ies since the design parameters should be validated with real life data. In this scope, it is a well known fact that indoor
thermal comfort conditions are thoroughly important for design. However, collection of data may be time-consuming
and expensive. Because necessary data is collected after construction of the building, determination or prediction of
these parameters can be useful in design stage. These parameters can also be used for back-calculation of energy effi-
ciency parameters. In this study, adaptive neuro-fuzzy inference systems (ANFIS) and back-propagation neural net-
works (BPNN) were employed to predict the indoor thermal confort conditions. Data used in this study is collected
from a residential building in Eskisehir, Turkey. Three hobo dataloggers were placed in three rooms of different loca-
tions in the building. The data concerning indoor temperature, relative humidity and dew point was systematically
collected. A novel approach was adopted in evaluation of data: data collected from two rooms were used for predic-
tion of relative humidity in the third room. It was concluded that ANFIS and BPNN are useful tools for estimating in-
door thermal comfort conditions using data collected from same environment.
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IPOIIEHA HA PEJIATHBHA BJIA’KHOCT HA BHATPEIIIEH ITPOCTOP
CO YIIOTPEBA HA MOJEJTHTE ANFIS H BPNN:
CTVIHJA 3A CJIVYAJ O ESKISEHIR, TYPITHJA

AmeTpaxkT: 3a oleHyBambeTo Ha e()HKACHOCTA Ha SIEKIPHYHATA CHEPTHja BO 3IPalHTe € IMOTPedHO Aa ce
HANpPABaT CHCTEMATCKH OCMHCIICHH SKCIICPHMEHTAIHH CTYJHH, OHASJKHM IapaMeIpHTe Ha NPOEKTHpame Tpeda 1a
OHIAT BAIHIHPAHH CO IOJATOLH Of PEalHHOT XKHBOT. Bo Taa Hacoka, 0Opo MO3HAT (aKT € JeKa YCIOBHTE 3a TOI-
JHHCKH KOM(Op BO 3aTBOPEH IIPOCTOP €& MHOTY BaJKHH 38 IPOeKTHpameTo. Celak, coOHpameTo Ha MOJATOLH MOKE
Ja OF3eMe MHOTY EpeMe H Ja ouze ckano. Co orieq Ha Toa IITo MOTpeOHHTE IOJATOIH ¢& cOOHpPaaT 1o H3rPazoa Ha
srpajara, yIBpAyBameIo HIH IPSIBHIYBABHETO Ha OBHE APaMETPH MOJXKE Ja OHIe KOPHCHO BO (a3aTa Ha NPOEKTH-
pamee. OBHe IapaMeTpH MOXKAT Ja ce HCKOPHCTIAT H 33 IpecMeTyBame HaHA3ad HAa MApaMeTpHIE HA €HEPreIcKaTa
eduracHoT. Bo oBaa cTynmHja 6ea xoprerenn monemnte ANFIS (amantuenn HeBpo-QasuHu cueremu) H BPNN (Hes-
PAIHH MPEKH CO 00PaTHO PaclpoCTpaHyBabe Ha TPEIIKATA) 3a IPEIBHIyBathe Ha YCIOBHTE Ha TepMalleH KoMdop Ha
BHATpellleH IpocTop. I1ofaTonHTe KOPHCTEHH BO 0Baa CTyAHja ce coOpaHH of CTaHOeHA s3rpaja BO ECKHINEXHp,
Typunja. Tpr x000 ypenH sa NpHOHpare Ha MEPHH MOJATOLH Oea CMECTEHH BO TPH COOH Ha Pa3IHMYHH JIOKAIHH BO
srpapara. CHcTeMaTcks Oea cOOpaHH NOJATOLM 32 BHATPEINHATA TEMIIEPATypa, PEIaTHBHATA BIAKHOCT H TOUKATA HA
opocyBame. bellle yCcEOSH HOE IPHCTAIl EO OIEHYBAReTO HA MOJATONHTIE HA MOJATOIHTIE: IIOJATOMHIE COOPAHH OF
IBe coOH Oea yIoTpeOeHH 3a IIpeIBHAYBahe Ha PellaTHBHATA BIAKHOCT Ha TpeTarta coda. Ce ojie [0 3aKIydoK AeKa
ANFIS 1 BPNN ce KOpPHCHH aIaTKH 33 OLCHyBaEbe Ha YCIOBHTE Ha TOILIMHCKH KOM(Op Ha BHATPEIICH IPOCTOP IIPH
KOPHCTEEbE Ha II0JATOIH COOPAHH O HCTATA CPeIHHA.

Kiayunn 360poBa: TomHcKH KoMbop; craHOeHa srpaga; ANFIS; BPNN
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INTRODUCTION

Thermal comfort is an important issue for all
buildings nowadays since expectations of occu-
pants from indoor conditions are increasing. When
thermal comfort is neglected during design, indoor
environmental conditions can pose risk to human
health in a long period [1]. Parameters related to
indoor environment including relative humidity is
essential for evaluation of thermal comfort in
buildings. This parameter is frequently required in
calculation of thermal comfort based on standards
such as ASHRAE 55-2004 [2] and ISO 7730 [3]. It
has also a significant influence on human physio-
logical response and thermal sensation [4]. Most of
the studies show that the relative humidity in in-
door environments influences the incidence of res-
piratory infections and allergies [3]. In addition, it
has a role in determination of climate control strat-
egies in warm climates [6]. For that reasons, data
concerning thermal comfort should be collected for
different purposes. In this way, sophisticated in-
struments, simulation tools including EnergyPlus
and DesignBuilder, calculation or prediction by
mathematical models are alternative ways to col-
lect valuable data.

BACKGROUND

Several parameters (building material proper-
ties, geometrical information about building, weat-
her data, indoor gains, etc.) are necessary for cal-
culation of thermal comfort. For this aim, several
studies on prediction of indoor environmental pa-
rameters by use of several methods such as back-
propagation neural network (BPNN) and adaptive
neuro-fuzzy inference system (ANFIS) was carried
out. In this scope, Ghazali [1] developed a predic-
tive model to forecast indoor environmental pa-
rameters using Artificial Neural Network (ANN)
technique. Results indicated that twelve ANN
models with the best structure were developed to
predict indoor temperature, humidity and air veloc-
ity. Benjamin et al. [7] used a neural network for
air quality prediction model in a sensitive area of
Ujjain city in India. The best model was developed
with minimum percentage error of 0.332. Thomas
and Soleimani-Mohseni [8] defined different
black-box prediction models for the indoor envi-
ronment in two buildings. The results for both
buildings showed that accurate temperature predic-
tions were taken from non-linear ANN-models.

Based on the brief summary of past studies, a
different approach was made. This study presents

an investigation into development of a suitable
model using the BPNN and ANFIS that could be
used to predict relative humidity in a room of resi-
dential building, based on measured data in two
other rooms: indoor temperature, relative humidity
and dew point per hour in addition months (June,
July, August, and September). The results seem to
be promising: these methods provided great bene-
fits in prediction of relative humidity, using data
from other structural divisions of different indoor
and outdoor thermal conditions.

MATERIALS AND METHODS

Climatic conditions of study area

This study is carried out using data obtained
in a residential building in Eskisehir city, Turkey.
The city is located at 39.78 latitude and 30.52 lon-
gitude and 798 meters above sea level. In Eskise-
hir, annual average temperature is 10.9°C. The
coldest month of the year is January with average
temperature of —2°C. The coldest days and frost
action are generally observed from second half of
December till first half of February. The minimum
temperatures range between —10°C and —-25°C dur-
ing this period. The hottest period is observed dur-
ing June, July and August. The highest mean mont-
hly air temperature is between 30°C and 40°C
from July to August. Temperature differences bet-
ween night and day are substantial, which ranges
between 12°C and 29°C. Winter is snowy and rainy.
Annual average precipitation is 378.9 kg/m’ [9].

Information about building in consideration

Selected building is a household located in
Eskisehir (Figure 1). Its ground floor was built in
1956. Afterwards, first floor was reconstructed in
1980. Total floor area of household is 170 m”. It
had no thermal insulation but it was renovated in
2004 and thermal insulation was applied on exter-
nal walls with 4 cm XPS then roof was treated with
glass wool of 10 cm thickness. Temperature, rela-
tive humidity and dew point temperature were
measured in entrance, living room, and buffer zone
of first floor with HOBO RH/Temp/Light/External
data logger during the five months (06 June 2009 —
25 September 2009) at intervals of 5 minutes. The
measuring accuracy of HOBO data logger is 0.7
°C for temperature and +%3 for relative humidity.
Data loggers are placed on the walls at a height of
1.5 m from the ground. Living conditions in house
during the measurement were not restricted to re-
flect real life situation.
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Fig. 1. Floor plans of selected building including locations of data loggers [10].

SOFT COMPUTING METHODS FOR
PREDICTIVE PURPOSES

Two well-known methods, namely BPNN and
ANFIS are employed to estimate the relative humi-
dity. A short description of the methods are given
below.

Back-propagation neural networks

Artificial neural networks were firstly intro-
duced in 1943 by McCulloch and Pitts [11]. The
idea behind these networks was constituting a
mathematical model similar to parallel data proc-

essing and learning ability of neurons in human
brain. Basically, an artificial neural network consti-
tutes a nonlinear relationship between multidimen-
sional input and output spaces. These networks are
widely used for clustering, optimization, simula-
tion and prediction purposes [12]. Several methods
are available for learning in an artificial neural
network including competitive learning, Boltz-
mann learning and back propagation learning algo-
rithms. Multi layer back propagation neural net-
works (BPNN) are of the first choice, and Figure 2
shows a typical BPNN structure.

Synapses

2" hidden

Fig. 2. A typical back propagation neural network structure.
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During the learning process, input signal (x;)
at all nodes are multiplied by synaptic weights (@)
after consecutive iterations, and the constant bias
value (b)) is added to the result. The resulting value
is filtered using a transfer function (g), for calcula-
tion of the output of that neuron. Among all the
transfer functions, the most frequently used are
logistic and hyperbolic tangent. Mathematically
speaking, the output of a neuron can be calculated
as:

yqu?{z.rjwﬂ—i-bj]. (1)

BPNN uses an iterative approach adjust the
weights and bias values, and an error energy func-
tion is used to end the iterations. In the last phase,
trained network can be used to calculate the inputs
for given outputs, for prediction or validation pur-
poses.

Adaptive neuro-fuzzy inference systems

Adaptive neuro-fuzzy inference system (AN-
FIS), which was firstly introduced by Jang in 1993,
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is another alternative for establishing nonlinear
relationships between input and output space [13,
14]. In other words, this method is a quite reason-
able tool for prediction. Basically, the method
trains membership function variables using a hy-
brid learning algorithm composed of least squares
method and back propagation gradient descent al-
gorithm. As can be inferred from its name, the
method utilizes a combination of neural network
and fuzzy inference system. The method is based
on the Takagi-Sugeno inference model [15]. AN-
FIS uses a hybrid learning algorithm to determine
related parameters of Sugeno-type fuzzy inference
systems. Based on Figure 3, for the first-order
Sugeno fuzzy model, a typical rule set with two
fuzzy if—then rules can be expressed as:

If xis A; and yis B; then

Si=pix+qy+n 2
If xis A, and yis B, then

f=px+qy+n 3

Weighted averages of the individual rule out-
puts are used to calculate output f. Details of the
calculation procedure can be found elsewhere [16].

Xy

L h'.ljl
-
-,\ B J

" ™,
h Y

Y r l

{ 5
E
P

;).I -

w, 1] T

oy

Fig. 3. A typical Sugeno ANFIS structure [15].
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RESULTS

ANFIS and BPNN were used to model the
data obtained from three data loggers. Tempera-
ture, dew point and absolute humidity were select-
ed as inputs and relative humidity was selected as
the output. A different approach was adopted here:
we used three data loggers located in different po-
sitions of the same level and the data obtained
from two (Hobol and Hobo2) are used to question
if the recordings obtained from third one (Hobo3)
can be predicted or not. Acquired in a certain peri-
od, 57354 recordings were obtained by Hobol and
Hobo2, and this data is used for training. 28677
recordings were obtained by Hobo3, and this data
is used for testing the performance of established
ANFIS and BPNN structures.

A simple architecture of 3x10x1 is selected
for NN model. It should be noted that, the data ob-
tained from hobo3 is divided into two parts for val-
idation and testing. Mean squared error (MSE) cal-
culated during training is given in Figure 4. It
should be noted that, the MSE value calculated
here is extremely low, and this will boost up to
success of the NN architecture, although a very
low number of hidden neurons is selected. Besides,
error histogram comprising a statistical approach to
the difference among targets and outputs are given
in Figure 5. It is clear that, the targets are concen-
trated at a very narrow range in the vicinity of ze-
ro.

The scatter plots considering training, valida-
tion, testing and all data sets are given in Figure 6.
It is clear that there underlies an almost perfect
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relationship among input and outputs and this ex-
tremely simple architecture can map the relation-
ship among inputs and outputs. MSE values calcu-
lated from training, validation and testing data sets
are 1.55x107, 1.83x107 and 2.29x107, respecti-
vely.
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Fig. 4. Mean squared error obtained during training.

Training: R=0.99998

Eat < Data
eof| .
55|

g0}
45}
a0}
e
o}
25

Output ~= 1"Target + 0.0015

30 40 50 B0
Target
(a)

Test: R=0.99997

=g O Data
gl .........TZT
551

s0¢
45+
40¢
351
30r
25

Output ~=1"Target + 0.003

i 40 =i} =l1]
Target
(¢

Output ~= 1" Target + 0.0018

Output ~= 1"Target + 0.0018

Instances

(=]

b5
B0
)
a0
45
40
e}
30

2508

=]

x 10t

Error Histogram with 20 Bins

.

- —
@
> @
— @
QQ.
<

Errors = Targets - Outputs

Fig. 5. Error histogram

Validation: R=0.99898

& Data
Fit
S¥=T

a0 40 80 2]
Target
(b)

All: R=0.99988

2 Data
Fit

30 40 a0 =]
Target
(d)

Fig. 6. Regression approach to simulated and real values of relative humidity.
a) Training; b) Validation; c) Testing; d) All data
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A Sugeno-type fuzzy inference system was
designated (Figure 7). In Figure 7, inputs 1, 2 and
3 and output are temperature, dew point, absolute
humidity and relative humidity, respectively. The

npuitl =27 9 nmit? =9 47

T 1T 1 BB
2 =
O e — = —
S S I
s = —_
6 r:-_"——_ — — T
) e — L —
O " — L —
L e — CI—

0 e e e SO
L = ===
2 e ] === P
18 e T ] EE
14 = =

h ] C L —
L —— — —
s e I —
12 — —
20 — ==
AR S— = —
P =
24 " |
2 — — ]
) S—— L —
27 = CT——

input parameters were instructed to this inference
system and obtained relative humidity values were
compared with actual relative humidity values.
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Fig. 7. Sugeno type inference system with three inputs
(input 1: temperature, input 2: dew point; input 3: absolute humidity; output: relative humidity)

Comparisons of ANFIS outcomes and actual
values of uncompensated relative humidity are
given in Figure 8. ANFIS almost perfectly models
the uncompensated relative humidity parameter.

1) 15 ] 15
Actual Relative humidit
Fig. 8. The scatter plot and linear trend line describing
the relationship between real and ANFIS outcomes
of relative humidity

CONCLUSIONS

In this study, ANFIS and BPNN are em-
ployed to model the uncompensated relative hu-
midity value by use of temperature, dew point and
absolute humidity parameters. A different ap-
proach was adopted: Using data obtained from two
data loggers located in two different locations at
the same level, relative humidity data on the third
logger was predicted using soft computing tech-
niques. Following are the outcomes of this study:

1. Performances of ANFIS and BPNN were
superior in prediction of the relative humidity pa-
rameter. The scatter plots among calculated and
real values concluded coefficient of determination
(R?) values greater than 0.99.

2. Relative humidity parameter can be esti-
mated using the data obtained from a single data
logger or different data sources may be used for
prediction of this parameter, for a specific build-

ing.
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3. The results of this study should be im-
proved using data obtained from different build-
ings under different climatic conditions.
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