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a  b  s  t  r  a  c  t

Knowing  the  pressure  coefficient  on  building  surfaces  is  important  for  the  evaluation  of  wind  loads
and natural  ventilation.  The  main  objective  of this  paper  is to  present  and  to  validate  a  computational
modeling  approach  to  accurately  predict  the  mean  wind  pressure  coefficient  on the  surfaces  of flat-,
gable-  and  hip-roofed  rectangular  buildings.  This  approach  makes  use  of  artificial  neural  network  (ANN)
to  estimate  the  surface-average  pressure  coefficient  for each  wall  and roof  according  to the  building
geometry  and  the wind  angle.  Three  separate  ANN  models  were  developed,  one  for  each  roof  type,  and
trained using  an  experimental  database.  Applied  to a wide  variety  of  buildings,  the  current  ANN  models
were  proved  to be  considerably  more  accurate  than  the  commonly  used  parametric  equations  for  the
estimation  of pressure  coefficients.  The  proposed  ANN-based  methodology  is as  general  and  versatile  as
to be  easily  expanded  to  buildings  with  different  shapes  as  well  as  to  be  coupled  to  building  performance
simulation  and airflow  network  programs.

© 2017  Elsevier  B.V.  All  rights  reserved.

1. Introduction

Energy consumption and indoor environment of buildings are
influenced by air infiltration and ventilation [1,2]. Wind induced
pressure on the building envelope affects the air infiltrations
because of the indoor–outdoor pressure difference. Wind pres-
sure is also an important boundary condition for a wide range of
problems, including heat, air and moisture (HAM) transfer, airflow
network (AFN), and building energy simulation (BES) [3]. Gener-
ally, the wind pressure is characterized by the pressure coefficient
defined as:

Cp = Px − P0

�U2
h

/2
,

where Px is the static pressure at a given point on the building
faç ade, P0 is the static reference pressure at freestream, �U2

h
/2 is

the dynamic pressure at freestream, � is the air density and Uh is
the wind speed, which is often taken at the building height h in the
upstream undisturbed flow.
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A review of pressure coefficient data for building energy simu-
lation and airflow network programs was made by Cóstola et al.
[3]. They classified the sources of CP data in two main groups:
(i) primary sources, including full-scale measurements, reduced-
scale wind-tunnel tests and computational fluid dynamics (CFD)
simulations, and (ii) secondary sources, like databases and analyt-
ical models. Usually, because of their difficulty and cost, full-scale
and wind-tunnel scale measurements are only used for the devel-
opment of wind pressure coefficient databases or the evaluation
of complex high-rise buildings. Analytical models are commonly
used to predict surface-average CP on low-rise buildings, where
the variation of CP over the surface can be neglected assuming that
cracks are homogeneously distributed over the building faç ades [4].
This simplified approach is widely used to include airflow network
analysis in BES [5].

Swami and Chandra [6] proposed simple equations for low- and
high-rise buildings separately, which were obtained using step-
wise regression analysis to fit some previously published studies of
wind pressure coefficients. The Swami  and Chandra’s equation for
low-rise buildings – from now on, referred to as the S&C equation
– is a popular analytical model to predict surface average CP that
has been implemented in widely used BES programs like Energy-
Plus [7]. It is valid for rectangular floor-plan buildings and depends
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on two parameters: wind direction and side ratio. In the original
work [6], the S&C equation was applied to a broad range of data,
including buildings with different heights and roof pitch angles,
yielding an acceptable correlation coefficient of 0.797. However, it
needs to be improved and updated in the light of the new high-tech
measurement databases. A detailed description of the low-rise S&C
equation and its parameters can be found in Appendix A.

Grosso [8] proposed a set of complex parametric models in order
to take into account sheltering effects, which cannot be estimated
using the S&C equation. However, because of the lack of complete
and high-quality experimental data, he recognized that the most
useful contribution of his work may  be the proposed methodology
rather than the specific results. Recently, Muehleisen and Patrizi [9]
developed a new parametric equation – the so-called M&P  equa-
tion henceforth – to predict wind pressure coefficient for low-rise
buildings. This is a simple rational equation calibrated on the based
of the new, large and very detailed database of the Wind Engineer-
ing Information Center at the Tokyo Polytechnic University (TPU)
[10]. The M&P  equation fits very well the TPU database, with a coef-
ficient of determination R2 = 0.993. The low-rise M&P  equation and
its parameters are detailed in Appendix B.

Compared to the S&C equation, the M&P  equation better fits not
only the TPU database but also the database compiled by the Air
Infiltration and Ventilation Centre (AIVC) [11]. However, the S&C
equation performs better in the common case of buildings with
unity depth-to-breadth ratio over a considerable range of wind
attack angles (90◦ < � < 165◦). So, both S&C and M&P  equations have
relative advantages and disadvantages depending on their applica-
tion. Furthermore, neither of them can be applied to buildings with
non-rectangular floor plans. Actually, up to the authors’ knowledge,
this is the common limitation of all the available analytical models.

To overcome such limitations, the current paper proposes a
methodology to obtain a computational model satisfying three
main requirements: (i) accurate prediction of CP, (ii) valid for build-
ings with various floor-plan shapes (rectangular, U-shape, L-shape,
etc.), and (iii) easy coupling to AFN and BPS programs.

To this end, artificial neural networks (ANN) are used to build
an analytical model of the surface-average CP for every surface of
the building (walls and roofs) and for every wind attack angle. The
robustness of the method is proved through its application to three
low-rise rectangular building cases: flat-roofed, gable-roofed, and
hip-roofed. Data for training and testing is taken from the TPU
database [12]. Finally, the results obtained using the current mod-
els are compared with both S&C and M&P  equations and the TPU
experimental database, highlighting the accuracy of the proposed
methodology to fit the experiments.

2. Methodology

This section defines the methodology proposed to develop
analytical models of the surface-average CP in low-rise build-
ings. Section 2.1 details the method to build and calibrate of the
ANN models. Section 2.2 describes the experimental database that
served to calibrate the proposed model, together with the chosen
case studies.

2.1. Artificial neural networks (ANN)

An ANN is a massively parallel distributed processor made up
of simple processing units that has a natural propensity for stor-
ing experimental knowledge and making it available for use in
analytical way [13]. ANN is often used as a surrogate model or a
response surface approximation model because of its robustness to
solve multivariate and nonlinear modeling problems, like function
approximations and classification.

Fig. 1. Artificial neural network architecture (ANN i − h1 − h2 − hn − o).

Some authors have used ANN to predict or interpolate CP values.
Kalogirou et al. [14] used ANN to predict CP across the openings
in a light weight single-sided naturally ventilated test room. Chen
et al. [15] developed an ANN to predict CP on gable roofs according
to wind direction, roof height, and normalized roof coordinates.
This work was recently extended by Gavalda et al. [16] in order to
include variable plan dimensions and roof slopes as parameters.
On the other hand, Fu et al. [17] developed a fuzzy neural network
(FNN) approach to predict wind loads and their power spectra on a
large flat roof. But, up to the authors’ knowledge, neither ANN nor
any other surrogate or response surface method can be found in
the literature to predict CP for every surface of a building for a wide
range of input parameters.

In this work, a feed-forward multilayer ANN is used. Fig. 1
shows the general ANN architecture, which has an input layer, a
set of hidden layers and an output layer. In each hidden and out-
put layer, there are artificial neurons interconnected via adaptive
weights. These weights are calibrated through a training process
with input–output data. For each artificial neuron, there is an acti-
vation function, which can be any function with range [−1, 1]; the
most common activation functions are the tangent sigmoid and the
logarithmic sigmoid [13].

The definition of an ANN architecture includes determining the
number of inputs, outputs, and hidden neurons, and the number
of hidden layers [18]. The universal approximation theorem [19]
states that a feed-forward network with a single hidden layer con-
taining a finite number of neurons can approximate continuous
functions on compact subsets of R

n, being n the number of inputs.
However, this does not mean that an ANN with one single hidden
layer is optimal in terms of versatility, learning time and ease of
implementation. Indeed, given the sets of input and output data,
there is not a general rule to define the best ANN architecture (num-
ber of neurons and hidden layers). We propose here a method to
calibrate the ANN architecture based on trial & error according to
the complexity of each case. It consists of two  steps: (1) a coarse
calibration is made to determine the number of hidden layers, and
(2) training with a increasing number of hidden neurons (starting
with a few ones) until achieving the desired performance. The so-
determined ANN architectures for the three considered case studies
are detailed in Appendix C.

The ANN training process was made using the
Levenberg–Marquardt (LM) backpropagation algorithm [20],
considering the mean squared error (MSE) as convergence indi-
cator and a maximum of 500 epochs. Let us remark that the LM
method has second-order convergence rate and it was recom-
mended by Hagan and Menhaj [21] because of its efficiency for
ANN with no more that a few hundreds weights, as it is currently
the case.
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