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Abstract

This study presents a new method of interior air motion assessment using artificial
neural networks. The air motion inside a building depends not only on the external
wind velocity, but also to a great extent on most of architectural parameters such as
position and orientation of building, size and configuration of windows, roof
geometry, whether the building is stilted or not, etc.. The difficulty to evaluate the
interior velocity coefficient, a non-dimensional parameter that is the measure of
relative strength of the interior air movement, if we would take into account a number
of architectural parameters; this encouraged us to use this approach.

After presenting the general setting of our work, we introduce the neural networks
in describing their main properties and the methods of their implementation. We have
applied these ideas to our study and presented the initial obtained results.

The utilization of the neural networks as a model-free predictor is a way of
interesting investigation which facilitates designers or architects to take into account a
number of influential parameters in natural ventilation investigating. Moreover, this
allows to assess indoor airflow pattern without doing a costly experiment or running
an expensive and complicated flow field simulation code.

Keywords: architectural parameters, artificial neural networks, interior velocity
coefficient, naturally ventilated buildings, humid tropical climate

1. INTRODUCTION



Air motion is one of the primary factors which, determine human comfort in hot
climate, especially in humid  regions. When a sufﬁc1ent alrﬂow to permit 'a good
ventilation exists, we can obtain comfort in bulldmgsi w1thout usmg any silstenis of
active air-conditioning. In association with other devnces such as efficient’ $olar
protections and good insulation of partitions, natural ventnlatnon maintains thermal

comfort in buildings. Air motion acts on thermal comfort, decreasmg the risks of local |

overhcating and pcrm1ttmg sufficient mtcnor air velocxty to 1mprove the evaporation
of sweat. The air motion inside a building depends not only on the external wind
velocity, but also largely on a number of architectural parameters. '~ /" /'

The interior air flow behavior can be analyzed using methods such as measurement
in situ, experimental study in wind tunnels and numerical simulation with
computational fluid dynamics (CFD) codes. However/ these approaches remain
generally too expensive and difficult as a design tool at present for the majority of the
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Chen et al [3] has established the database for assessing indoor éurﬂow pattern, he

also proposed that since the database will only be able to store,a limited number of ‘

the cases with several different parameters, different levels of mterpolatlon s}}ould be
outlined to interpolate the:results-from such a database.,, ,“Interpolatlon . Within a
database” is' the 'art of deducing’useful information for. a specxﬁc qemgn from a
database. However, this work has not covered, the problem of au' flow through large
openingg-which is the major element of tropical-architectures. '

Moreover, there are many passibilitics of architectural parametqrq effecg on mtenor
air flow, so it is hard work to investigate the effect of all posmblht;es if we shall use
one or all of the three investigations described above.Thus, it i, necessary to develop a
predicted method as a design tool. An architect or designer should be able to use the
tool without using turbulence modelling knowledge or performing a cost expenment
The results obtainied by the tool should also be realistic and accurate. With the he]p of .
these two latter approaches. we established a database concerning the mﬂuence of
architectural design elements on interior airflow; with, which we afford the tramlng
phase of'the artificial neural nets (ANN), : ;

ANN can estimate input-output functlons unlike stat15t1ca1 estnmators, they
estimate a function without a mathematical model, of how output depends on mput
They dre model-fiee estimators and learn from experience, wlth numerlcal sample
data. We can program or train neural networks to store, recognize and }'en;leve pafterns
or database entries; to solve combinatorial optimization problems to filter noise from
measurement data; to control ili-defined problems; in summary to estimate sampled
function when we do not know the form of the functions [4].

This paper presents the prediction of architgetural parameter leffec‘gs  on. mtelilor am
motion using neural networks. After presenting the general settmg of our work we
introduce the'meural networks in, describing their main  properties and. the methods of
their. 1inp1ementatlon We have: applled these ideas to our study and presented the ﬁrst
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The cemplete detennmatlon of ve1001ty field in the building requires- either the
utlhzatlon of expenmenta,l mvestI atlon or the utilization of numerical simulations
(CFD codes) The measurlng of the relative stréngth of ‘the intefior air movement in
the horizental plane, which “is representatlve of the occupied spade of the room
generally uses a non-drmensnonal parameter called the coefficient of velocity.

The Velomty coefﬁ]ment was ‘used that is defined as the ratio of the mean air
velocity in the zone, stpdred w1ﬁ1 the’ a1r velocity as a reference point in the’ ‘exterior
flow at windward of building. " d

PR R (T M AR N BNTOR ; .

il Lo W _ i ' il

t =1y (—'J . 1) =«
.f 3 '1|\{,L‘ }"J {lk; \Y ; 1)
B oo s _ - g
Where, C, is coefficient of velocity, V;is mean velocity at interior location,i (ms )P f
is mean outdobr reférenct free-stteam veloeity:dt the reference height (ms™), and n is
number of pomts meastred. 3 ! i

The SImple formalism of thi§’coeffi¢ient deﬁm‘aon conceals the difficulty of its
determination! Thl’s detemllnatren is carried out by one of the following: |,

o [n situ expel‘lmen[l’atmﬁ on célls or buildings [5}. This method isinot. usable m the

deSIgn pﬁase, except if the project invdlves existingstructures.,, .. . . G5 @t
e For some models wind Iannel"expmmentatlon [6-81."“This method facxllta,tes the

study of arcl'iltec‘tural paramétérs, but remains difficult. . o T
o Numerical’ simiilftion (computahonal fluid - dynamics) [9-'13] Thls methnd

‘b'lecomés casy” to ‘handle by the conjoined .improvement of -some ,computers’

Iperfonn!ances and some algorithmg‘of resolution which are more accessible, . ...

In rectlce these way$ of investigating constitute a database of usable knowlgdge
1 orc{ir to work out some rules of design or’in order to define a correlation.. Several
auihors [7, 8] proposed thus the correlation used:to. evaluate-the:interipr air motion
affected by somle architectural parametérs. Generally the proposed correlation garries.
on some simple proﬁles and takes into considerationi one .or.;two, J,nﬂuentlal,
parameters e S R oo :

To take Inro account ‘the multlple parameters > 3) in the estabhshment of the
con‘eI?tIon is vel‘y diffitult if riot‘ unposs‘Ible This encouraged, usHto try a new way,
using neural nétwor‘kS“ B, - 3 ‘ ek CORgF s B
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Art1ﬁc1a1 neural networks werd: rnvented in' the. splntxoﬁ'a biological metaphor The
blofoglcaf metaptl'ror1 ‘for" néutal’ tetworks+is! the human brain. Like the, brain, this
computing model consists of many small units that are interconnected..These units (or
nodes) have very simple abilities. Hence, the power of the model is derived from the
interplay of these units. It depends on the structure of their connections.

In 1943, MacCulloch and Pitts proposed a mathematical pattern of biological
neuron [14]. This type of neuron possessés’d Very/ simple djnamic. The input signal is
valued as the weighted sum of excitations coming from the outside. From a

mathematical point of view, a feed-forward neural network is a function. It takes an
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input and produces an output. The 1nput and output are represented by real number. A
simple neural network may be illustrated like in Fig. 1.

This network consists of seven units or neurons or nodes (the circles) and twelve
connections (the arrows). The terms w;; applied to each connection are called weight,
it indicates the strength of the connection. Connections with a positive weight are
called excitatory, the ones with a negative weight are called inhibitory. The
constellation, of neurons and connection is called the alchrtectule or the topology of
+ he network. - '
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Fig. 2 111ustrates how information is processed through a single node. The node
receives the welghted activation of other nodes through its incoming connections.
First, these are added up (summation). The result is passed through an activation
function, the outcome is the activation of the rnode. For'each Of the outgoing
cotnections, ' this actlvatlon value is muitlphed \.Vlth‘ the specrﬁb welght and
1tlansferredto the nextnode (g Fa e * B
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Fi 1g 2. Information processing in a neural network unit.
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A few dlfferent threshold functions* are used It 1s 1mportgmt that a |threshbld

ﬁl.ncuor}(lsl non-linear, ptherwise &' multﬂayér nefwork is' eqiuvalent to a one layer net.



The most w1de1y applied threshold functlon is the logistic s1gm01d like the following
formula: el LS
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Theré are a few other aetlvatmn functlons in use: scaled sigmoid, gaussxan sine,

«hyperbolic tangent, &tc. "However, the sigmoid is the most common one. It has some

benefits for back-propagation leaming, the classical training algorithm for feed-
forward neural networks.

At the beginning, the weights of a network are randomly set or otherwise
predefined. However only little is known about the mathematical properties of neural
networks. Espec1a11y, for a.given problem, it is bas1cally impossible to say which
weights have to be assigned to the confiections to solve the problem. Since ANN
follow the non-declarative programming paradigm, the network is trained by
examples, so called patterns.

Back-propagation , is one method used to ‘train the network. It has many
predecessors, it is very reliable, but a.little slow in training strategy. The training is
performed by one pattern at a time. The training of all patterns of a training set is
called an epoch. The training set has’ to be a representative collection of input-output
examples. bt !

Back-propagation tralnlng is a gradlent descent algorithm. It tries to improve the
performance of the neural net b,y reduging the error along its gradient. The error is
expressed by the root-mean-square error (RMS), which can be calculated by:

E=43 | —[op\l-z ,
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The error (E).is lhe half the sum: of thé' ‘gedmétric' : averages qf th,e dxffarence
between Prq]ect&gl, ;arget (t) andtheiactual output (o) {lectors over all pattern (p):In
‘each training step, the weights (w) are adjusted towards ‘the direction of maximum
decrease, scaled by some learning rate lambda ( 1).
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Wnew = Wold . )\‘VE l / ! (5)
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The sigmoid function has the property R

—G(X) c(x)(1-c(x)) . (6)

1
wnitolil Tt
u R TN U e L b
att

Thus the derivative of the 81gm01d can. (pe, .computed - by applying - s1mple
multlplncatlon dnd $iibtrachpn operatqrs on the. regults: ef the ‘sigmoid furictiof itself,
! R
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This simplifies the computational effort for the back—propagatlon algonthm In fact
the equations for weight changes are reduced to

i ! ') 1 L

AMj'ﬁ"om,to = _)\’Ofrom8 to ) i v (7) 0
6 output - _(toutput - Ooutput) (8)
8 idten =S "(Shidden )26 i Whidden, i i - , O
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There are differént filnctions' for confiections to’ hidd‘en anid dulput nodes. Thé
unprocessed sum (s) for each neuron has to be stored befott the' activation function is °
applied to it. _Then, basi¢ algebra operatrons like multlplrcatlon and’ subtraction are

sufﬁcrent to perform the weight changes. = i PV L A
[ < - R R, ¢ i ot | i 4 5

4. APPLICATION OF THE NEURAL NETWORKS ST AR LR b

A neural network functions as a universal predictor. It can learn a pattern set and

output as it would dictate on unknown patterns through generalization over the pattern

set. Here, it will be applied to the prediction of interior velocity coefficients as ‘a
- funiction of architectural parameters (PAy). A G, can.be formulated as follows:

PN

wiaayg G =L P4 ) ; S o)
" The database provides information about average interior air velocity preéen.t!édrﬁ'j;'
'; interior velocity coefficient due to any architectural elements. The structure of ther
' database is as follows. It cotisists of a number-of limited pairs: a combination. of
- architectural parameter and its interior velocity coefficient. Since the effect of a néw

' combination of architectural parameter on interior alrﬂow pa‘rtem wlll be predlcted

. we could use ANN for this purpose. o ' \
Among the elements- which should be taken into comrderatlon in'the design ‘of’a
network are the followmg S AR e fay Qi
e The c?nsutunon of a training set and a genenahzatron gelloone oo e
i o The precise archlfecture of the network. o ' _“’ sl Svarign)
o The choice of trarnmg parameters. whiil e o
There are no reliahle guidelines for deten"hmmg the appmpnate number of neurons
in a'hidden layer, or for decrdmg how many hidden 'layers there should be. [15],
Stevenson [16] has: shown' that two hidden layers are enough to; produce. acgeptable
results. Networks with more than two hrdden layers ar¢ rare, mainly becausethey:: ar'e
difficult’to train. The constitution of the trammg set involves obfaining the input and
the output parameters In the present case, the inputs are the wind directions and somé
architectural parameters; the outputs are the intexior vglocity coefficients. The larger
- the space of the 'training set and the w1dth of the mput specirum, if covers, the better
the results achieved by training. |~ T —
Table 1 shows 'the matrix used for the mput data and the asqocrated C values It
contains the combination of architectural parameters treated: the oncntation of the
burldmg, the form and the conf guratlon of the roof Whether the buildmg is- stllted or

!
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not, floor pene{ratlon overhangs the size and location 6f*windows and the presence
of wind cheeks or mosquito-nets on any of’the four sides. In 'the present case, two
types of training set were used. The first incorporated the real values of the input

parameters and the C,. For the second, the numerical values were normalized by the
formula:

(x—xmin)

i )+ g

where, x; is normalized value, x, is original value, Ko is m1n1ma1 or1g1na1 yalue and
Xnix 1S Maxima} original valye:, .. . i
:'Normalizing of the training 1nputs genelral,ly Jmproves the quallty of the training.
The training was based on results obtained by numerical sxmulatlon (STAR-CD and
FLUENT) [9-13], and on measurements made in a numerical wind funnel [6]. Fig. 3
illustrates architectural parameters treated.
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Fig. 3. Architectural parameters.

The evaluation of the performance of the networks was based on the distribution of
the inputs used in the numerical simulations (CFD) of 30 models, involving 97 cases,
and by wind tunnel tests of 15 models, involving 119 cases:




e The data were d1v1ded 1nto two grolps, one for training - and the other for
\generalxzatlon or vahdahon The training™ group had 166 cases, and the
generallzatlon group had 50 casés.

For the architecture of the network (Fig. 4), the following structures were studied:

a. Networks with 3 layers: 1 ifiput layer - 1 hidden layer - 1 output layer’" ¢

b. Networks with 4° Tayets: I'input layer 2 hidden layers-- 1 output.layér, .

The following activation functions were used:- sigmoid logistic functlon (logszg)

hyperbolic tangent fuiiction (fansig) and-linear one.(puzelin). o i
The number of neurons in a given layer can vary. In the present study they were as

follows:

s ~ANN with 1 hidden ldg{cr 1 ANNwith 2 hidde:[ayers

Number of neurons (S1) 5, 10, 15, 20, 30, 50, 100, 500 5,10, 14, 20, 28,750
Number of neurons (S2) ... |[; | 5, 10, 14, 20, 28, 50
Number of neurons (S3) - 1

'y Lea

Table 2, Dlstributloh of néhrons in the different layers.
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Fig. 4. An architecture of neural networks with 1 hidden layer (a), some used transfer
functions (b) and neural networks with 2 hidden layers (¢). - ..

Tlile types. of, training wused were" " back-propagation, back-propagation with

inomentum, and Levenberg-Marquardt Optimization. The training algorithms have

been implemented in the soﬁwarepaqkageﬁMfLAB[l?]. g potee b
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A number of networks w1th dlfferent numbers of hidden neurons were run (133
networks with one hidden layer, 112 networks with 2-hidden layers), and the network
with the lowest Validation error: (the minimiam mean -error in generalization) was taken
as the optimum oontlg;qratlon Initially; the errors. in both -the lralnmg set .and; the.
' generahzatlon set should faII however if the generalization error starts to rise, this

10



means that there are unmodeled dynamics in the net. Further training will then be

counterproductive.

‘Sum-Squared Network Error for 40 Epochs

" s "
20 25 a0 35 a0

Epoch

Fig. 5a. Sum squared errot and epochs for the best network’s configuration.
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The results given in F1g 5 “were obtained by Levenberg-Marquardt back-
propagation with 2 hidden layers containing 20 neurons each, the transfer function
being a hyperbolic tangent function for all the neurons. These networks prov1ded
reliable results: 3.11% of mean error in generalization. The best résults obtaified are

shown in the Table 3, along with the network configurations used.
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Mean error in generalization “5.1% 3.11%
No. of neurons (S1), activation f. 10, tansig 20, tansig
No. of neurons (S2), activation f. 1slogsig " 20, tansig
No. of neurons (S3), activation f. - - i | .1, logsig
No. of epochs 15 epochs : ...40 epochs
Back-propagation method : Levenberg-Marquardt ~|  Levenberg-Marquardt
Error goal | ' 0.01 ' 0.01
Type of training set - . normalized i .1 normalized
% ’ )

Table 3: The best results! 6btained.
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And the more ‘space there is in_the training set, the better 'the predictions. It is
indispensable to ensure that the cases 1ncluded in the training set cover the whole
range of variatiotis of the parameters.’

In spite of the proposed approach éovers the. limited type of predlctlon in s1ngle-
zone and output -- the interior velocity coefficient, we show how this approach cuan be
applied at present and will be expanded as a design tool in the future.

A limited database has been 'stored and used to-train the neural nets. The nets keep.

their ﬁnal welghts that are ready‘to use:in the prediction. To outline the average
indoor veIocnty as a function of 4 new combination of architectural parameters which
was not presented in the database or the training set, it is enough to entry their
numencal values. For each parameter, this varies between the m1mmal and maximal
value as they were indicated ih Table 1. For example, it can predlct the effects of a
bmldmg orientation variable that varies between 0- 330° clockwme from North. The
prpcedure of predictlon is really identicaliwith the genex:ahzatlon or valldatlon one.

The pnnc1plc of this ‘calculationtis practically resided in thmr ﬁnalﬁwelghts “this is
important to note that if the ANN have been trained, their, final weights are as a usable
form to commence the prediction process (Fig. 6). In our recent ‘work, we have
integrated this approach in the 'modular programmmg using TRNSYS [18] to evaluate
the thermal comfort in the huinid trop1Ca1 climate. Obviously, the algorithms give the
reliable and satlsﬁed model and can be l;nked very well w1t;h the other module.
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In order to serve this ' méthod'as a design tool in the future it is mterested to cover
more and more paramcters such as multlvzone alrﬂow problems, The mterest of this
1s also lmportant to establish thc v1ablllty of thls approach to predlct the”b't'hers
coefﬁmeuts which are usable in evaluation of indoor a1rf10w pattﬁm such as the
spatial vanatlon max1mum Velodlty, local . indopr veloclty, . average pressure"
coefﬁ01ents ete, In thé case 'of éxpandmg the number of cases, of parameters and of
output, whlch, WJII be treaféd, it was'sufficientto:restart, the phase of nclwork training
in order to adapt th? weight 'F-‘qg' -7 shows a.scenario, of the further works to dev’elop'
this method as a deSIgn tod! that will -gover more! parameters.,

“7 ! _? M1l

i,::'

1y

1 L i = S u"-'”—-‘w,-}-[‘—a,.mumber: of cases ]
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outputs average pressure coefficient
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Fig. 7. A scenario of the funher development asia de51gn tool.

6. CONCLUSIONS ' , ' B [

The enlargement of the training set requires' only a re-actiialization of the' obtained

weights by a new phase of training, and not a complete redefinition of thé network. A

certain number of disadvantages should, however, be mentioned:: o) i A

— The knowledge contained in a network: is not legible, unlike that which is
contained in the riles 6f an expert system.. - . |

— In*the case presented here; the comstitution of a training set is a-difficult task,
requiring the implementation of other means (experimental or numerical). -

—+ Network design'is still a highly empirical actmty, for which no'general Tules exist

s g yet v 910 t : b gmie S0 by gt k1!

In’$um, the use of neural networks as universal predictors opens up*an 1nteresting
fieid of invesitgaiion. They: provide reliabie resuiis in cases wheré a number of
parameters have to be taken into account simultaneously, and thus make it'pdssible to

memorize applied measurements or. numencal simulations in usable form.r v
o Heoo L ot : S geem wm By

(h O Rl IR et AVRERY 0 g
‘ S R L1 Lo Taly o W L L Bmdl )
7 REFERENCES L A BT L T
Moo SR ir CAT e e ey, et N ‘ IR

1. Nielsen, P.V., Progress and Trends in Air Infiltration and Ventllatlon Research.
In Proceedings of the 10th AIVC Conference, Air Infiltration and Ventilation
Centre, Dipoli (1989)

2. Jones, P.J. and Whittle, G.E., Computational Fluid Dynamics for Building Air
Flow Prediction -- Current Status and Capabilities, Building and Environment,
vol. 27 no.3, pp. 321-338 (1992)

3. Chen, Q., Moser, A. and Suter, P., 4 Database for Assessing Indoor Airflow, Air
Quality, and Draught Risk, International Energy Agency, Annex 20, Subtask 1
(1992)

4. Kosko, B., Neural Networks and Fuzzy Systems: A Dynamical Systems Approach
to Machine Intelligence, Prentice-Hall International Editions, Englewood Cliffs,
NJ (1992)

5. Celestine, C., Ventilation naturelle et confort thermique dans [’habitat en climat
tropical humide - Approche expérimentale en vraie grandeur de la ventilation
naturelle sur un site de la Guadeloupe - Etude comparative en soufflerie, These
Docteur Ingénieur, INSA de Lyon (1985)

6. Gouin, G., Contribution Aérodynamique a I’Etude de la Ventilation Naturelle de
I’Habitat en Climat Tropical Humide, Thése de Docteur, Université de Nantes
(1984)

7. FEmest, D. R, Bauman, F. S., Arens, E. A., The Prediction of Indoor Air Motion
for Occupant Cooling in Naturally Ventilated Building, ASHRAE Transactions,
vol. 97 part 1, pp. 539-552 (1991)

8. Givoni, B., L’Homme, L’Architecture et Le Climat, Editions du Moniteur, Paris
(1978)

9. Kindangen, J. 1., Modélisation Aéraulique en Climat Tropical Humide, d’'un
Batiment Largement Ouvert sur [’Extérieur, mémoire de DEA, CETHIL/EEH,
INSA de Lyon (1994)

14



10.

11:

12.

15.
16.

17.

18.

Kindangen,: J., 1., Krauss, G Investigation of Natural Veritilation with
Computational Fluid Dynamics. A Comparison Study with Wind Tunnel Results,
Architectural Science Review, vol. 39 no. 2, pp. 113-120 (1996)

Kindangen, J- L, Krauss, G., Depecker, P., Effects of Roof Shapes on Wind-
Induced: Air Motion In51detBu11dmgs' cBuilding-and Envzronment vol. 32 no. 1,
pp- 1-11 (1997) . S

Kindangen, J. I., Krauss, G., Rousauen G., Inﬂuence pf Archltectural Parameters
on Air Flow Distribution Inside a Naturally Ventilated Single-Unit, House, Proc.
iof thet13th Internatzonal PLEA Conference,: ,Louvam-la-Neuve Belglum, Pp-
171-176(1996) ) LY SRTUR Y S { TR B VT PP

. Krauss;G.," Depecker P, K1ndangen ],rI Vemtﬂatwn Natmelle en: Chmat

Tropical Humide, Proposition d’Une Méthode d’Evaluation des Coefficients de

i Vitesse, Journée thématique:de Société Francaise des Thermiciens, Paris (1996)

Jodouin, J.vF.;:Les Réseaux Neurones;-principes et définitians, Hermes Paris
(1994) - T DU
Jodouin, J F., Lés Reseaux Neuromtmetzques, Hermes, Pans (1994) y
Stevenson, J., Using Artificial Neural Nets to Predict Building Energy
Parameters, ASHRAE Transactions, vol. 100 part 2, pp. 1081-1087 (1994)
Demuth, H., Beale, M., Neural Network Toolbox, for use with MATLAB, The
Math Works Inc. Massachusetts (1994) B AT
TRNSYS 14.1, Solar Energy Laboratory, Unlver51ty of W1scons1n -- Madlson

Yo (1994) e cEEE e e Bom . S oy

15






