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a b s t r a c t

A great challenge associated with urban growth is to design for energy efficient and healthy built envi-
ronments. Exploiting the potential for natural ventilation in buildings might improve pedestrian comfort
and lower cooling loads, particularly in warm and tropical climates. As a result, predicting wind behavior
around naturally ventilated buildings has become important and one of the most common prediction
approaches is computational fluid dynamics (CFD) simulation. While accurate wind prediction is essen-
tial, simulation is complex and predictions are often inconsistent with field measurements. Discrepancies
are due to the large uncertainties associated with modeling assumptions, as well as the high spatial and
temporal climatic variability that influences sensor data. This paper proposes metrics to estimate the
expected predictive performance of sensor configurations and assesses their usefulness in improving
simulation predictions. The evaluations are based on the premise that measurement data are best used
for falsifying model instances whose predictions are inconsistent with the data. The potential of the pre-
dictive performance metrics is demonstrated using full-scale high-rise buildings in Singapore. The met-
rics are applied to assess previously proposed sensor configurations. Results show that the performance
metrics successfully evaluate the robustness of sensor configurations with respect to reducing uncer-
tainty of wind predictions at other unmeasured locations.

� 2016 Elsevier Ltd. All rights reserved.

1. Introduction

The continuous growth of the global population living in cities
has increased interest in outdoor thermal comfort [1], air quality
[2,3], safety [4], and particularly in warm climates, building energy
consumption and natural ventilation [5]. The wind environment
has a primary role in mitigating these issues and, consequently,
improving knowledge of wind behavior around buildings has been
the focus of much recent research work (a detailed review can be
found in [6]). The most common approach for wind prediction is
based on computational models, such as those used in computa-
tional fluid dynamics (CFD) simulations.

Today, CFD simulations are used to overcome constraints of lab-
oratory and field measurements [5], since they provide detailed
information on wind flow and allow treatment of complex geome-

tries with a high degree of repeatability. Although CFD simulations
provide reasonable predictions, the accuracy is not superior to lab-
oratory and field measurements [6]. Uncertainties are large in both
modeling and measurements and should be taken into account [7].

Tamura [8] and Schatzmann et al. [9] suggested that measure-
ments, both laboratory and field, should be used in a complemen-
tary manner to ensure that simulation results are sound, even
when using modeling methods of high predictability, such as the
large eddy simulation (LES) [8]. However, the use of simplified
arrays of roughness elements in laboratory measurements results
in idealized representations of the parameters affecting wind flow
[10], and it is often unclear how sensitive wind predictions are to
these parameter uncertainties [11]. Moreover, certain physical
phenomena, such as buoyancy-driven natural ventilation, cannot
be fully represented in reduced-scale laboratory experiments [5].

In these situations, field measurements are essential for ensur-
ing that modeling is sound, especially in studies involving high-rise
buildings [10,11]. Nevertheless, field measurements have been
rare, and sensor placement still remains a challenging task [12].
Most of earlier studies have used historically measured data and
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only a few configured full-scale measurement campaigns [13–16].
In most cases, sensors locations have been selected based on edu-
cated guesses, although some researchers have investigated opti-
mal sensor configurations using systematic and data-driven
strategies [17–20]. Such strategies require prior knowledge of data
distributions and spatial correlations, obtained from a denser pre-
deployment of sensors, a task that is however both costly and
time-intensive. A recent study in Singapore has used the concept
of maximum entropy for sensor selection, in a similar way to
[21], yet modeling and measurement data were assumed to be free
of errors and sensor placement was performed iteratively, disre-
garding the mutual information content between sensor locations.

All of these studies employed data from sensor locations placed
outside the urban canopy, or on building rooftops, although reports
on methods to obtain representative data suggest that, unless
interested in topographic-generated climate patterns, sensor loca-
tions subject to local and mesoscale effects should be avoided and
target measurement areas of acceptable homogeneity at screen-
level (�1.5 m) or high-level (about the roughness sub-layer)
should be selected [22]. Wind flow varies considerably over space
and time and measurements within the urban canopy depend on
the location of sensors and sampling frequency [23,24]. In addition,
it has been shown [7] that even under steady ambient conditions,
large discrepancies occur between measured and predicted values
that are caused by low frequency variations of the wind flow.

A recent study done by the authors explored systematic sensor
placement strategies that are applicable to time-dependent wind
prediction within the urban canopy, involving buildings of varying
size and use [25]. The study adapted and compared sequential
strategies and criteria used in the field of infrastructure diagnosis,
which can achieve high levels of accuracy with low computational
cost compared to global search strategies [26] and genetic algo-
rithms [27]. The typical information-based criteria found in litera-
ture for optimal sensor configuration were information entropy
[26–28], cost and expected identifiability [29], while some studies
incorporated uncertainty correlations and their values [29,30].
Based on the conclusions of the authors’ initial study [25], a novel
hierarchical sensor placement strategy has been developed that
uses the concept of joint-entropy to account for the mutual infor-
mation between sensor locations [31]. The strategy also explicitly
incorporated the spatial distributions of modeling errors and their
values, which has been shown to affect optimal sensor configura-
tion [30–32].

In conclusion, typical information-based criteria used for opti-
mal sensor configuration focused primarily on increasing informa-
tion value, measured either with entropy from information theory
or using identifiability metrics to reduce parameter-value uncer-
tainty. Nonetheless, earlier studies [33] have suggested that the
performance of sensor configurations in reducing uncertainty of
model predictions should be assessed by additional criteria, such
as robustness-to-uncertainty and ‘‘prediction-looseness”—equiva
lent to the range of predictions—which are often conflicting.

This paper proposes metrics to evaluate the predictive perfor-
mance of sensor configurations and assess their usefulness in
improving simulation predictions. The performance of the configu-
rations is assessed for their capability to falsify multiple model
instances whose predictions are inconsistent with the data (Sec-
tion 2.1). Expected identifiability metrics found in literature [29]
are adapted (Section 2.2) and then newmetrics are developed (Sec-
tion 2.3) to estimate the sensor configurations robustness-to-
uncertainties associated with model predictions. In the end, a
multi-criteria decision-making (MCDM) approach is proposed to
evaluate the influence of the conflicting metrics on the choice of
optimal sensor configuration (Section 2.4). In Section 3, the pro-
posed metrics are applied to evaluate the performance of several
hierarchically-constructed sensor configurations [31], in improving

wind predictions around a full-scale building system in Singapore.
A list of the main conclusions and a critical assessment on the
results are provided in the final two sections (Sections 4 and 5).

2. Development of predictive performance metrics

Metrics are developed to estimate the expected predictive per-
formance of sensor configurations and assess their usefulness in
improving predictions. The study builds upon previous work on
sensor placement performed by the authors [25,31], where the
premise is that sensor data are best used for falsifying multiple
model instances1 whose predictions are inconsistent with the data.
Therefore the performance of sensor configurations is assessed in
terms of their capability to falsify multiple model instances (Sec-
tion 2.1). First, expected identifiability metrics are adapted from lit-
erature to estimate the expected reduction in the number of
candidate models (retained model instances) and in the prediction
range associated with each sensor configuration (Section 2.2). Sev-
eral optimal sensor configurations, which have been constructed
using the hierarchical-sensor placement strategy, have been com-
pared in [31]. Metrics are then developed to estimate the robustness
of the sensor configurations to uncertainty associated with model
predictions (Section 2.3). In the end, an MCDM approach is proposed
to evaluate the influence of multiple metrics on the selection of opti-
mal sensor configurations (Section 2.4).

2.1. Falsification based on multiple models

Falsification of multiple model instances is performed at each
sensor location of the hierarchically-constructed sensor configura-
tions using simulated measurements generated following the pro-
cedure described in [25]. As justified in these earlier studies done
by the authors [31,25], the reason for employing simulated mea-
surements is that the evaluations of sensor locations are done prior
to measuring and therefore data at these sensor locations are not
yet available. In addition, the performance of several sensor config-
urations needs to be evaluated and compared at the same time
instant, which would require a costly pre-deployment of a large
number of sensors.

During falsification, multiple model instances are rejected if the
difference between their predicted values and the measurements
falls outside defined threshold bounds. These bounds correspond
to confidence intervals that include plausible model instances.
The interval width at each sensor location is equal to the prediction
range, obtained from the model instances, and estimates of model-
ing and measurement errors.

The term model instance refers to a computational model in
which input parameters are assigned a definite combination of val-
ues and the corresponding values of output variables are predicted
using simulation. The core of the methodology is the multiple-
model approach introduced by Raphael and Smith [34].

Pð\nm
i¼1Tlow;i 6 Uc;i 6 Thigh;iÞ ð1Þ

where u is the confidence level, Uc;i is obtained from by subtracting
the modeling Umod;i and measurement Umeas;i uncertainty, Tlow;i and
Thigh;i are the computed threshold bounds equal to the minimum
and maximum values of the combined modeling and measurement
residuals, with nm the number of measurements used.

An illustration of the falsification process is shown in Fig. 1. The
remaining model instances—called candidate models—are used to
update the predictions at other, unmeasured, locations and

1 A specific combination of values for the input parameters in a CFD simulation and
the corresponding wind predictions at all potential locations is one model instance.
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