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Abstract While experiments in boundary layer wind tunnels
remain to be a major research tool in wind engineering and
environmental aerodynamics, designing the modeling hardware required for a proper atmospheric boundary layer (ABL)
simulation can be costly and time consuming. Hence, possibilities are sought to speed-up this process and make it more timeefficient. In this study, two artificial neural networks (ANNs)
are developed to determine an optimal design of the Counihan
hardware, i.e., castellated barrier wall, vortex generators, and
surface roughness, in order to simulate the ABL flow developing above urban, suburban, and rural terrains, as previous ANN
models were created for one terrain type only. A standard
procedure is used in developing those two ANNs in order to
further enhance best-practice possibilities rather than to improve existing ANN designing methodology. In total, experimental results obtained using 23 different hardware setups are
used when creating ANNs. In those tests, basic barrier height,
barrier castellation height, spacing density, and height of surface roughness elements are the parameters that were varied to
create satisfactory ABL simulations. The first ANN was used
for the estimation of mean wind velocity, turbulent Reynolds
stress, turbulence intensity, and length scales, while the second
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one was used for the estimation of the power spectral density of
velocity fluctuations. This extensive set of studied flow and
turbulence parameters is unmatched in comparison to the previous relevant studies, as it includes here turbulence intensity
and power spectral density of velocity fluctuations in all three
directions, as well as the Reynolds stress profiles and turbulence length scales. Modeling results agree well with experiments for all terrain types, particularly in the lower ABL within
the height range of the most engineering structures, while
exhibiting sensitivity to abrupt changes and data scattering in
profiles of wind-tunnel results. The proposed approach allows
for quicker and more effective achieving targeted flow and
turbulence features of the ABL wind-tunnel simulations as
compared to the common trial and error procedures. This
methodology is expected to enable wind-tunnel modelers a
quick and time-efficient designing of ABL simulations in studies dealing with air pollutant dispersion, wind loading of structures, wind energy, and urban micrometeorology, where atmospheric flow and turbulence play a key role.

1 Introduction
Wind-tunnel experiments represent a major tool in studying
wind loading of structures, air pollutant dispersion, efficiency
of wind energy farms, and urban micrometeorology. As a
prerequisite to those studies, it is required to precisely simulate
the atmospheric boundary layer (ABL) flow that is expected to
correspond to a small-scale of atmospheric conditions. The
Counihan (1969) and Irwin (1981) methods that use a barrier,
spires, and surface roughness are perhaps the most common
approaches to simulate the ABL flow experimentally. As the
wind-tunnel experimental time is costly, and tuning the experimental hardware to obtain a specific ABL is time consuming,
new approaches are sought that enable to quickly achieve the
targeted ABL simulation. Hence, artificial neural networks
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(ANNs) are considered to become a valuable tool in rapid
achieving of targeted flow and turbulence features of the ABL
wind-tunnel simulation that is a necessary prerequisite for
successful studies dealing with air pollutant dispersion, wind
l o a d i n g o f s t r u c t u r e s , w i n d e n e r g y, a n d u r b a n
micrometeorology and microclimatology.
Previous studies have already indicated capabilities of
ANN to solve wind engineering problems. Khanduri et al.
(1997) developed a neural network approach for the assessment of wind-induced interference effects on design loads for
buildings. English and Fricke (1999), Huang and Gu (2005),
and Xie and Gu (2005) applied neural network methodology
to account for shielding and interference between buildings.
Bitsuamlak et al. (2006, 2007) developed an approach to
investigate speed-up ratios for topographic features such as
single and multiple hills, escarpments, and valleys. Kwatra
et al. (2002) and Chen et al. (2003) use an ANN approach for
the estimation of pressure coefficients on the gable roofs of
buildings, Fu et al. (2006, 2007) to estimate wind loads on
large roofs, Yasushi and Tsuruishi (2008) for the design of
roof cladding of spherical domes, and Brunskill and Lubitz
(2012) for wind turbine siting near obstacles. Esau (2010)
suggests that ANN is a robust tool for estimation of the
pollutant scalar concentration in the urban sublayer, Vujić
et al. (2010) apply it for forecasting concentration of
suspended particles due to traffic air pollution in urban
areas, and Sousa et al. (2007) determine ozone concentrations
also by using ANN. Preceding the current study, Abdi et al.
(2009) model the effect of surface roughness and spire
dimensions on the mean velocity and turbulence intensity
profiles in experimental models of the ABL flow, while
Varshney and Poddar (2012) estimate flow characteristics in
urban ABL wind-tunnel simulations; they all deploy ANN.
The scope of this study is to create two ANNs that estimate
a design of experimental hardware for wind-tunnel simulations of the ABL flow. One network is designed to estimate
integral flow and turbulence parameters, while the other is
developed to simulate the power spectral density of velocity
fluctuations. The proposed approach is dedicated to work well
for different terrain types, taking into account the mean wind
velocity, turbulent Reynolds stress, turbulence intensity and
length scales, power spectra of velocity fluctuations, i.e., the
parameters all considered to significantly determine wind
loading of structures, air pollutant dispersion, wind farming,
and urban micrometeorology as such (e.g., Baklanov et al.
2011). Hence, this extensive set of flow and turbulence parameters addressed is unmatched in comparison to previous
relevant studies, as it includes turbulence intensity and power
spectral density of velocity fluctuations in all three directions,
as well as the Reynolds stress profiles and turbulence length
scales. In addition, ANNs are designed to make good estimates for different terrain types, while previous studies were
performed for one terrain type only.

2 Experimental simulation of the atmospheric boundary
layer
Experimental ABL simulations used for validation of developed ANNs were carried out in a 1.80-m high, 2.70-m wide,
and 21-m long test section of the Göttingen-type low-speed
boundary layer wind tunnel at the Technische Universität
München (e.g., Kozmar 2011a, b, c). In this wind tunnel, the
blower is driven by a 210 kW electric motor, which allows
generating velocities from 1 to 30 m/s. At the inlet to the test
section, the flow uniformity is achieved by means of a honeycomb, screens, and a nozzle. Preliminary tests reported
turbulence intensities at the inlet cross-section less than
0.5 %, and measured mean velocities differed less than 1 %.
The adjustable ceiling enables longitudinal pressure control
along the wind-tunnel test section. Structural models are usually placed at a turntable, whose center is positioned 11.3 m
downwind from the nozzle; measurements reported in this
study were recorded at this position in 18 measuring points
placed along a vertical line down the center of the turntable
distributed between the surface and 1-m height.
The simulation technique, originally introduced by
Counihan (1969), was based on the use of five 1-m high
quarter-elliptic, constant-wedge-angle spires and a castellated
barrier wall, followed by a fetch of surface roughness elements (LEGO cubes arranged in a staggered pattern on LEGO
plates). In general, the uniform flow coming out of the nozzle
streams over the castellated barrier wall, which provides an
initial momentum defect of the flow. The main effect of the
barrier is to introduce large eddies and mean shear in the wake
of the barrier. Vortices with vertical axes of rotation develop
around vortex generators. Surface roughness elements provide
the sustained formation of boundary layer (BL) structures
downstream from the vortex generators. A design of the
castellated barrier wall and surface roughness elements was
modified during the measurement program to allow for training and testing of the ANNs developed to estimate an optimal
experimental hardware for the ABL wind-tunnel simulations
using various terrain types. For the two highest measuring
points (z=0.84 and 1 m, where z is height above surface),
differences in recorded mean velocities were less than 2 %.
Based on Schlichting and Gersten’s (1997) definition that the
BL thickness is a height where the average longitudinal wind
velocity reaches 99 % of the free-stream velocity, it is accepted
that the BL thickness in the wind tunnel is approximately
equal to 1 m. These results correspond well with Balendra
et al. (2002), who indicated that the thickness of ABL simulations generated using the Counihan method matches with
the vortex generators’ height. A blockage caused by surface
roughness elements was less than 1 % in all experiments,
which is well below the critical value of 5 % (Hucho 2002;
Holmes 2007). An arrangement of the simulation hardware, as
employed in this study, is displayed in Fig. 1.
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Note that in Eqs. (2), (3), and (4), u,v,w are instantaneous
velocity components (i.e., speeds) in the x-, y-, and z-directions, u; v; w are mean velocity components in the x-, y-, and zdirections, and u′,v′,w′ are the corresponding speed fluctuations in the x-, y-, and z-directions, respectively. Furthermore,
uz is the mean velocity component in the x-direction at the
height of z; t is time.
Integral length scales of turbulence Lu,x, Lv,x, and Lw,x were
calculated by multiplying time scales, i.e., integrated autocorrelation coefficients, with respective uz wind velocity and
assuming the Taylor’s hypothesis of frozen turbulence,
Fig. 1 Castellated barrier wall, Counihan vortex generators, and surface
roughness elements in the wind-tunnel test section
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Lu;x ðzÞ ¼ ū z ∫ Ru;x ðz; ΔtÞdΔt; Lv;x ðzÞ ¼ ū z ∫ Rv;x ðz; ΔtÞdΔt;
Lw;x ðzÞ ¼ ū z ∫ Rw;x ðz; Δt ÞdΔt:
0

Instantaneous velocities in the longitudinal x-, lateral y-,
and vertical z-directions were measured using a triple hot-wire
probe DANTEC 55P91. Velocity signals were sampled at
1.25 kHz using a 12-bit digitizer Data Translation DT2821
and recordings were made of 187,500 data samples at each
measuring point (total record length T=150 s). Calibrations of
the hot-wire probe were obtained in a calibration tunnel by
exposing the probe to uniform flows with 20 different velocities and 252 different yaw angles. Tests were performed
following standard wind-tunnel modeling procedures (Plate
1982; Sockel 1984) assuming a neutral stratification of the
ABL flow. Roughness Reynolds number, ReR,
ReR ¼

uτ ⋅z0
;
ν

ð1Þ

was larger than 5 in all tests, which is in accordance with
Plate’s (1982) suggestion for wind-tunnel modeling of wind
effects in engineering; moreover, uτ is friction velocity, z0 is
aerodynamic surface length, and ν is air kinematic viscosity.
The BL parameters investigated in this study are given next.
The mean velocity component uin the x-direction is

ū ¼

1 T
∫ uðt Þdt:
T 0

ð2Þ

Turbulence intensity in the x-, y-, and z-directions:

I u ðzÞ ¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u0 2 ð z Þ
ū z

; I v ðzÞ ¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
v 0 2 ðzÞ
ū z

; I w ðzÞ ¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
w0 2 ðzÞ
ū z

ð3Þ

respectively, where
uðt Þ ¼ ū þ u0 ðt Þ; vðt Þ ¼ v̄ þ v0 ðt Þ; and wðt Þ ¼ w̄ þ w0 ðt Þ:
ð4Þ

(5) ð5Þ

Ru,x, Rv,x, and Rw,x are autocorrelation coefficients calculated as outlined in Dyrbye and Hansen (1997), and Δt is time
step. Turbulence Reynolds stress was observed in the
longitudinal-vertical correlation −u0 w0, as other correlations
were observed to be close to zero. Power spectral density of
velocity fluctuations Su(f), Sv(f), and Sw(f) was studied as well,
as it is considered to be one of the key factors influencing
wind loading of structures, air pollutant dispersion, efficiency
of wind-energy farms, etc. In addition, a similarity of the
generated BLs with full-scale conditions up to 300 to 400-m
height was justified in previous studies (Kozmar 2008, 2010,
2011a, 2011b, 2011c, 2012a, 2012b), in accordance with
simulation length-scale factors determined using the Cook
(1978) method based on the respective turbulence length
scales Lu,x and aerodynamic surface roughness length z0. In
particular, as the presentation and discussion of results will be
carried out in wind-tunnel measures, the BL thickness in the
wind tunnel equals to 1 m represents 300 to 400 m in full-scale
depending on a particular ABL simulation.

3 Description of applied artificial neural networks
In general, ANN represents a numerical method that simulates
biological brain used for learning and recognizing patterns in
data sets, as they estimate desired output data based on the
provided input data. They can be used in many cases for
regression and classification tasks. In this study, the estimation
model was developed using the most common used type of
neural networks, i.e., feed-forward multilayer perceptron
(MLP) ANN, as it is in most cases an appropriate tool for
regression problems, e.g., Antonić et al. (2001). ANN
commonly consists of two or more layers of neurons. The
output of every neuron is connected with all neurons in the
next layer. Every connection has its weight and every neuron
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has a bias and activation function. Weights and biases are
unknown parameters that need to be obtained from training
data. Prior to training, weights are initialized as proposed by
Bottou (1998). In particular, for every neuron, weights are
h
i
pﬃﬃ ; 2:38
pﬃﬃ , where n is the
selected randomly from interval − 2:38
n
n
number of incoming connections to the node. The output of
jth neuron is calculated as zj =g(∑iaiwij +bj), where ai is the
output of ith neuron in previous layer, wij is the weight of
connection from that neuron to jth neuron in the current layer,
bj is the bias of jth neuron in the current layer, and g is an
activation function of jth neuron. One of the most common
activation function used is a logistic sigmoid activation function given as g(x)=1/(1+e−x), where x is an input variable.
Data for each input and output parameter is linearly
normalized into the range between 0.15 and 0.85 before they
are presented to the ANN. Complexity of ANN depends on
the number of weights and biases which depends on the
number and size of hidden layers. Finding these parameters
from training data is referenced as training of ANN. In this
study, the ffnet module for the Python programming language,
as given in Wojciechowski (2011), is used when creating
ANN. It is a quick and easy-to-use feed-forward ANN training
solution package for Python that uses a feed-forward
architecture and a sigmoid activation function.
In this study, the rprop algorithm is used, as originally
designed by Riedmiller and Braun (1993), due to its speed
and simplicity. This is a widely used algorithm, especially for
multilayer feed-forward networks, designed to overcome inherent disadvantages of earlier gradient-descent algorithm. If a
number of parameters is too small, then ANN usually has a
poor fit to training data. If a number of parameters is too large,
ANN usually has a good fit to training data, but it fails to
generalize to new data due to overfitting. One way to overcome
this problem is a method of early stopping suggested by Bishop
(1995), where the training is stopped when the error measured
with respect to independent data set not used for training starts
to increase. That data set is generally called a validation data
set. To get an optimal ANN architecture (number of hidden
layers and neurons), many instances of ANN of specific architecture using early stopping method were trained. Hence, there
is a risk that the network with the best performance on validation data set might not be the one with the best performance on
a new test data. Therefore, data sets used only once on every
trained network were tested and a network with the best performance is chosen as the optimal one.
The performance of trained ANN is measured only on test
dataset for every output parameter by using RMSE, MAE, and
R2 statistics defined as follows:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n
1X
RMSE ¼
ðp −oi Þ2 ;
n i¼1 i

ð6Þ

1X
jp −oi j;
n i¼1 i
n

MAE ¼

n 
X

R2 ¼ 1− X
n 

pi −p̄

i¼1

oi −ō

ð7Þ


:

ð8Þ

i¼1

Here, pi is the ith estimated value, oi is the ith
observed value, p is the average of all estimated values,
and o is the average of all observed values. In Eqs. (6)
through (8), MAE is an average of the absolute values
for differences between the estimated and experimental
values, while RMSE is a square root of the average of
squared differences between estimated and experimental
values. MAE and RMSE are commonly used together to
diagnose the variation in the errors in an estimation set,
Table 1 Hardware arrangements in ABL wind-tunnel simulations
Test BBH, mm BCH, mm SRESD, % SREH, mm Terrain type
2

227

42

2.8

30

S

3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

107
147
147
107
227
147
107
137
127
117
107
187
107
107
107
127
127
127

42
42
42
42
42
42
42
42
42
42
0
0
20
60
80
42
42
42

2.8
1.4
1.4
1.4
1.4
1.4
1.4
1.4
1.4
1.4
1.4
1.4
1.4
1.4
1.4
3.5
0.4
0.6

30
30
40
40
40
20
20
20
20
20
20
20
20
20
20
50
30
20

U
U
U
S
S
S
S
S
S
S
S
S
S
S
S
U
R
R

21
22
23
24

107
127
127
127

42
42
42
42

0.6
0.4
3.5
0.2

20
20
30
30

R
R
U
R

*Numeration of tests starts with 2, as the test number 1 was a preliminary
one
BBH is basic barrier height, BCH is barrier castellation height, SRESD is
surface roughness elements’ spacing density, SREH is surface roughness
elements’ height, S is suburban, U is urban, and R is rural terrain type;
spectral data is available in configurations 18 to 23 only
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Table 3 Performance of the second ANN

RMSE
MAE
R2

Su ⋅f/σ2u

Sv ⋅f/σ2v

Sw ⋅f/σ2w

0.009829
0.006005
0.97

0.01446
0.009603
0.97

0.01565
0.01124
0.94

4 Results and discussion
In this study, the ability of two ANNs to estimate mean wind
velocities, Reynolds stress, turbulence intensity and length
scales, and power spectral density of velocity fluctuations was
investigated. Both ANNs were treated for various types of
terrain in order to prove a universality of the proposed approach.
Experimental configurations with various combinations of the
basic barrier height, barrier castellation height, and surface
roughness spacing density and height are outlined in Table 1.
Design of vortex generators was the same in all tests.
Length measures in all diagrams are presented at the windtunnel scale. It needs to be mentioned that the second ANN for
power spectra estimation was not applied on suburban type of
terrain due to insufficient experimental data for that terrain
type. Measurements were obtained for 23 different hardware
arrangements of the ABL wind-tunnel simulations
(configurations), where the basic barrier height (BBH), barrier
castellation height (BCH), surface roughness elements’ spacing density (SRESD), and surface roughness elements’ height
(SREH) were varied. In each configuration, the estimated key
parameters are measured in 18 different heights, i.e., at 50, 60,
71, 85, 101, 121, 144, 172, 205, 244, 291, 347, 414, 494, 589,
703, 838, and 1,000 mm. Due to technical problems with
respect to velocity measurements close to surface, where the
hot-wire anemometer experiences difficulties with taking
measurements due to an intense recirculating flow, a few
measurements were not completely reliable, so the final
dataset consists a total of 412 data samples. The first ANN
estimates u=u δ , Iu, Iv, Iw, Lu,x, Lv,x, Lw,x, u0 w0 = u 2δ , where u δ is
the mean free-stream velocity recorded at the upper boundary
of the respective simulated ABL. The input parameters are
BBH, BCH, SRESD, SREH, and the height of measurement
points from the surface (h). Configurations 3, 7, and 22 were
used as test dataset and the rest of the data is randomly split in
training and validation dataset in ratio 80:20, which led to 275

Fig. 2 Schematic view of the used artificial neural networks: a ANN for
estimation of mean wind velocity, turbulent Reynolds stress, turbulence
intensity, and length scales; b ANN for estimation of power spectral
density of velocity fluctuations

where RMSE is always larger or equal to MAE. In
particular, the larger the difference between those two
parameters, the larger the variance in the individual
errors in the sample. In case RMSE is observed to be
equal to MAE, then all the errors are of the same
magnitude. R2 is a coefficient of determination that
provides a measure how well future outcomes are likely
to be estimated by the model. R2 equals 1 indicates a
perfect estimation with no error, while values close to
zero indicate poor estimation.
Table 2 Performance of the first
ANN
RMSE
MAE
R2

u=uδ

Iu

Iv

Iw

Lu,x

Lv,x

Lw,x

u0 w0=uδ2

0.02684
0.01989
0.97

0.005442
0.004434
0.99

0.008917
0.0075
0.98

0.006209
0.005142
0.98

0.0511
0.0406
0.74

0.01187
0.00936
0.96

0.01063
0.00863
0.94

0.0004451
0.0003258
0.91
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Fig. 3 Comparison of measured mean velocity profiles with values
estimated by an artificial neural network for a urban, b suburban, and c
rural terrain type; black stars are experimental results, and plus signs on a
solid curve are estimated results

Fig. 4 Comparison of measured turbulence intensity profiles with values
estimated by an artificial neural network for a urban, b suburban, and c
rural terrain type; black stars are experimental results, and plus signs on a
solid curve are estimated results

samples used for training, 83 samples used for validation,
and 54 samples used as test dataset. After the procedure
described in Section 3, the chosen ANN has one hidden
layer with nine neurons. Schematic view of this network is
displayed in Fig. 2a, and its performance is displayed in

Table 2. In Table 2, u=u δ , Iu, Iv, Iw, u0 w0 =u 2δ , and R2 are
nondimensionalized, Lu,x, Lv,x, and Lw,x are reported in meters, while RMSE and MAE are reported in physical units of
the observed parameters, i.e., either nondimensionalized or
in meters.
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Fig. 5 Comparison of measured Reynolds stress profiles with values
estimated by an artificial neural network for a urban, b suburban, and c
rural terrain type; black stars are experimental results, plus signs on a
solid curve are estimated results

While R2 values obtained for the mean velocity, Reynolds
stress, turbulence intensity, and Lv,x and Lw,x length scales are
close to 1, thus indicating good agreement between experiments and ANN estimations, the estimated Lu,x turbulence
length scales with obtained R2 is 0.74, which indicates only

Fig. 6 Comparison of measured turbulence length scales with values
estimated by an artificial neural network for a urban, b suburban, and c
rural terrain type; black stars are experimental results, and plus signs on a
solid curve are estimated results

a moderate but still acceptable agreement between the experiments and estimations. This is due to abrupt changes and data
scattering in the profiles of experimental Lu,x results; it relates
to a common problem to incorporate large eddies into the

J. Križan et al.

Fig. 7 Comparison of measured power spectral density of longitudinal velocity fluctuations Su (gray thin solid curve) with values estimated by an
artificial neural network (black solid curve) at 50, 101, 205, 494, and 1,000 mm wind-tunnel scale for urban type of terrain

ABL simulation due to confined cross-section dimensions of
the wind-tunnel test section that prevent large eddies to fully
develop, e.g., Peterka et al. (1998).
The second ANN estimates Su, Sv, and Sw power spectral
density of velocity fluctuations in the x-, y-, and z-directions, respectively, in 18 different heights and sampled at
5,707 frequencies ranged from 0 to 625 Hz. The input
parameters are BBH, SRESD, SREH, frequency (f), and
h. Due to an exponential nature of frequency and power
spectral densities, a logarithmic transformation on these
variables was performed before importing the data to the
ANN. This ANN used configurations 22 and 23 as test
dataset (205,388 samples) and the rest of data (configurations 18, 19, 20, and 21) were randomly split to the training
and validation dataset in ratio 80:20. This led to the
328,851 samples used for training dataset and 82,053 samples used for validation dataset. After the procedure described in Section 3, the chosen ANN has 2 hidden layers
with 12 neurons each. Schematic view of this network is
displayed in Fig. 2b and its performance is displayed in
Ta b l e 3 . I n Ta b l e 3 , R M S E , M A E , a n d R 2 a r e

nondimensionalized, as well as Su, Sv, and Sw that were
normalized using the respective frequency and variance.
The second ANN estimates the experimental results for the
velocity power spectra in all three directions (x, y, and z) with high
accuracy, as the observed R2 values range between 0.94 and 0.97.
4.1 Mean wind velocity
Mean wind velocity profile is an important basic feature in
wind engineering, environmental aerodynamics studies, meteorology, etc. It gives information on wind shear with height
that is relevant for wind loading of wind turbines, tall buildings, and other complex engineering structures, as well as for
dispersion and dilution of air pollutants, air-sea interaction,
etc. In the wind-tunnel test section, a velocity profile depends
on height and spacing density of surface roughness elements,
as well as on vortex generators and barrier wall design.
Figure 3 shows a comparison of measured and estimated
vertical mean velocity uz profiles normalized with the mean
reference velocity uδ in height δ equal to the BL thickness for
three different terrain types.
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Fig. 8 Comparison of measured power spectral density of longitudinal velocity fluctuations Su (gray thin solid curve) with values estimated by an
artificial neural network (black solid curve) at 50, 101, 205, 494, and 1,000 mm wind-tunnel scale for rural type of terrain

For urban type terrain, estimated values show very
good agreement with the experimental results for the
entire BL profile. In the experimental data for suburban
and rural type terrain, there is a knick in the profile at
about 200-mm height; this creates difficulties for an
ANN to make accurate estimations. Therefore, as this
sudden change in the measured mean velocity profile is
more pronounced, the error in ANN estimation is larger.
Nevertheless, an overall estimation made by the ANN for
mean velocity profiles can be considered as satisfactory,
particularly for engineering purposes, as the wind-tunnel
results used here for validation purposes (e.g., Kozmar
2011c) previously proved to be in good agreement with
empirical approximation commonly accepted for the
ABL flow, i.e., logarithmic law through the surface layer
(e.g., Holmes 2007) and the power-law for the entire
ABL velocity profile (e.g., Dyrbye and Hansen 1997).
In addition, the estimated results agree well with trends
obtained by the ANN reported in Varshney and Poddar
(2012) and Abdi et al. (2009).

4.2 Turbulence intensity
Turbulence intensity is a particularly important parameter
when considering dynamic loading of engineering structures,
while it generally needs to be taken into account when studying practically all wind engineering problems. Turbulence
intensity in longitudinal and lateral direction can significantly
influence vibrations of tall buildings, while bridges are particularly sensitive to vertical turbulence intensity. The Iu, Iv, and
Iw turbulence intensity profiles estimated by an ANN are
presented in Fig. 4 for urban, suburban, and rural terrain types
in comparison with the experimental results.
In general, the estimations made by the ANN are more
accurate for built-up environments, as well as for longitudinal turbulence intensity rather than lateral and vertical
turbulence intensity. However, all estimated profiles reported in Fig. 4 agree well with the experimental results.
Moreover, as the used experimental results (e.g., Kozmar
2011c) previously showed good agreement with the atmospheric conditions (ESDU 74031 1974), it can be adopted
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Fig. 9 Comparison of measured power spectral density of lateral velocity fluctuations Sv (gray thin solid curve) with values estimated by an artificial
neural network (black solid curve) at 50, 101, 205, 494, and 1,000 mm wind-tunnel scale for urban type of terrain

that the ANN developed in this study estimates atmospheric turbulence intensity with satisfactory accuracy. Previously, Varshney and Poddar (2012) and Abdi et al. (2009)
obtained a good agreement of their ANN estimates with
experiments for turbulence intensity in longitudinal direction. However, while they investigated flow and longitudinal turbulence developing above one terrain type only, the
ANN developed here make good estimates for turbulence
intensity in all three directions (longitudinal, lateral, and
vertical) and different terrain types.
4.3 Turbulent Reynolds stress
Turbulent Reynolds stress is one of the major physical
mechanisms for vertical heat and mass transfer within the
ABL. Hence, its accurate estimation is particularly important in studies dealing with air pollutant dispersion and
dilution in urban environments, as previous epidemiologic
studies indicated correlations between ambient concentrations of air pollution and adverse health effects, such as

respiratory and heart diseases, premature mortality, premature delivery, and low birth weight, e.g., Mohorović
(2004), Alebić-Juretić et al. (2007), Kampa and Castanas
(2008), Anderson (2009), and Monks et al. (2009). While
the Reynolds stress estimation by using the ANN was not
under scope in previous relevant studies, the Reynolds
stress profiles estimated by an ANN developed here are
presented in Fig. 5 for urban, suburban, and rural terrain in
comparison with the experimental results.
Similarly to the mean wind velocity profiles, where the
knick in measured profiles causes difficulties for an ANN
to make accurate estimations, an increased scatter in the
experimental Reynolds stress results increases an error
margin for ANN when estimating the measured results.
Therefore, the estimations made for the urban case are
significantly better than for the suburban and rural configurations due to a smaller scatter of the experimental
results in this terrain scenario. In particular, the urban
wind-tunnel results follow a simple form with a small
scatter in comparison with two other cases.
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Fig. 10 Comparison of measured power spectral density of lateral velocity fluctuations Sv (gray thin solid curve) with values estimated by an artificial
neural network (black solid curve) at 50, 101, 205, 494, and 1,000 mm wind-tunnel scale for rural type of terrain

4.4 Turbulence length scales
Turbulence length scales represent an average size of turbulent
eddies within the ABL flow. It is particularly important to
know their characteristics when designing engineering structures, as eddies of different sizes wrap around the structures in
a different way; therefore, they can create different structural
loads. As up to the authors’ best knowledge, in this “wind
tunnel–ANN way,” the turbulence length scales have not been
tackled yet, this leads directly to the one of the main contributions of this study. The turbulence length scales estimated
by an ANN are presented in Fig. 6 for urban, suburban, and
rural terrain types in comparison with the experimental
results.
In general, the estimated results are in good agreement with
the experiments. However, as the Lu,x experimental results are
scattered more than that for Lv,x and Lw,x turbulence length
scales, the estimations for Lu,x profiles are not as good as those
for Lv,x and Lw,x profiles. This is in agreement with performance of ANN observed in this study for other turbulence

parameters as well. In addition, it needs to be mentioned that it
is generally difficult to fully recreate turbulence length scales
in the wind tunnel, as observed in full-scale, which is due to
essentially confined boundaries of the wind-tunnel test section
that do not allow large eddies to develop more fully.
4.5 Power spectral density of velocity fluctuations
While the knowledge of integral turbulence parameters is
more or less sufficient for many aerodynamic problems, in
dealing with complex fluid–structure interactions, it is of high
importance to gain insight into the distribution of turbulent
kinetic energy across a wide range of frequencies as well. For
that purpose, the power spectral density of velocity fluctuations commonly serves as a widely adopted parameter describing features of atmospheric turbulence. Longitudinal
and lateral power spectra are commonly considered important
for tall and slender structures, while vertical power spectra are
important when considering aerodynamic performance of
bridges. In this study, all three power spectra are considered
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Fig. 11 Comparison of measured power spectral density of vertical velocity fluctuations Sw (gray thin solid curve) with values estimated by an artificial
neural network (black solid curve) at 50, 101, 205, 494, and 1,000 mm wind-tunnel scale for urban type of terrain

and reported for five selected heights distributed throughout
the ABL simulation, i.e., at 50, 101, 205, 494, and 1,000 mm
wind-tunnel scale. The Su, Sv, and Sw power spectra estimated
by an ANN are presented in Figs. 7, 8, 9, 10, 11, and 12 for
urban and rural terrain in comparison with the experimental
results, while the wind-tunnel results for suburban terrain
exposure are not available.
In all the tests performed, the estimated curves agree well
with the experimental results, particularly in the highfrequency range (Kolmogorov inertial subrange), due to more
sampling points available in high- than in low-frequency
range that allows for a better training of the second ANN. In
addition, the created ANN estimations can be adopted to be in
good agreement with the atmospheric turbulence, as the windtunnel velocity power spectra in x-,y-, and z-directions used
here for validation purposes previously proved to be in good
agreement with commonly adopted design curve by von
Kármán (1948) and the inertial subrange energy dissipation
law by Kolmogorov (1941). While previously, Varshney and
Poddar (2012) obtained a good estimate of their ANN with the

longitudinal velocity power spectra only; in this study, this
was achieved in all three directions, i.e., longitudinal, lateral,
and vertical.

5 Concluding remarks
Two different artificial neural networks (ANNs) are developed
in order to enable quick and time-efficient designing of experimental hardware for the atmospheric boundary layer
(ABL) simulations in the wind tunnel. A standard ANN
procedure is used in order to further investigate best-practice
possibilities with this approach rather than to attempt to improve ANN designing methodology. The scope was to estimate an optimal design of the Counihan hardware, i.e., castellated barrier wall, vortex generators, and surface roughness,
in order to simulate the ABL flow developing above urban,
suburban, and rural terrain types, as previous studies were
performed for one terrain type only. Basic barrier height,
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Fig. 12 Comparison of measured power spectral density of vertical velocity fluctuations Sw (gray thin solid curve) with values estimated by an artificial
neural network (black solid curve) at 50, 101, 205, 494, and 1,000 mm wind-tunnel scale for rural type of terrain

barrier castellation height, spacing density, and height of
surface roughness elements are the parameters that were varied to create satisfactory ABL simulations. This modeling
approach was designed to allow for estimating parameters
that describe wind flow and atmospheric turbulence, i.e., mean
wind velocity, turbulent Reynolds stress, turbulence intensity,
turbulence length scales, and power spectral density of velocity fluctuations. This extensive set of studied flow and turbulence parameters is unmatched in comparison to the previous
relevant studies, as it includes turbulence intensity and power
spectral density of velocity fluctuations in all three directions,
as well as the Reynolds stress profiles and turbulence length
scales. Modeling results created using ANNs are validated
with an extensive set of ABL wind-tunnel simulations.
In general, the modeling results agree well with the experiments for all three terrain types, particularly in the lower ABL
within the height range of the most of engineering structures,
as well as for urban type terrain types. Moreover, ANNs
indicate sensitivity to abrupt changes and data scattering in
profiles of wind-tunnel results. The proposed and largely
novel approach allows for quicker achieving targeted flow

and turbulence features of the ABL wind-tunnel simulations
than that is the case with the common trial and error procedure. This approach is expected to enable wind-tunnel modelers a time-efficient design of ABL simulations in studies
dealing with air pollutant dispersion, wind loading of structures, wind energy, and urban micrometeorology and
microclimatology. Future work will need to address ANN
modeling with reversed input and output parameters, as to
further investigate this approach for engineering applications.
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