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ABSTRACT: The wind field over an urban lake may exhibit considerable variability resulting from wind-shielding effects
from surrounding structures. Field measurements at an urban reservoir in Singapore were augmented by computational
fluid dynamics (CFD) model results to develop a wind model over the reservoir surface via a data assimilation approach.
The field measurements identified, depending on structure alignment with the prevailing wind direction, wind shielding
that impacted wind direction and velocity over the reservoir surface. The wind model integrated the temporal response of the
measurements and spatial distribution produced by the CFDmodeling. The wind model was used to predict the spatiotemporal
pattern of the wind field over the reservoir surface for a full year. The modeling results showed good agreement with
measured wind data at three measurement locations on the reservoir surface. The wind model has been incorporated
with a hydrodynamics and water quality model to provide the spatiotemporal wind forcing over the reservoir surface.

KEYWORDS: Monsoons; Wind; In situ atmospheric observations; Instrumentation/sensors; Surface observations;
Statistical techniques; Time series; Data assimilation; Urban meteorology

1. Introduction

Lakes are often at risk from natural and anthropogenic
stresses that can lead to toxic algal bloom and fish kills (Irvine
et al. 2003; Kangur et al. 2016, 2013; Moss et al. 2011; Murphy
et al. 2003; Randall and Tsui 2002; Zhu et al. 2008). This risk can
be greater for urban lakes, which tend to be smaller and shal-
lower, with a high degree of exposure to anthropogenic activities
(Schueler and Simpson 2001). Urban lakes are also susceptible to
wind-sheltering effects from surrounding structures, which can
lead to decreased wind stress acting on the lake surface, thereby
reducing mixing energy, increasing stability, and creating poten-
tial for water quality degradation. In cities where such lakes are
sited in commercial or residential areas and are designed as water
features, there are also economic and social considerations for
proper water management. The combined impacts of high expo-
sure and reduced mixing would imply that, in the modeling of
urban lakes, it is important to represent the wind field acting on
the lake surface in a more realistic manner.

The wind field is required as a surface boundary condition
for modeling, and shielding effects need to be considered
when prescribing the wind stress acting on the water surface.
The direction and velocity of wind over a lake surface are gov-
erned by surrounding elements such as vegetation canopy,
topography, and buildings. Studies of waterbodies have shown
that consideration of variable wind conditions produced by

coastal forests and steep slopes can improve modeling of lake
circulation patterns (Podsetchine and Schernewski 1999; Rub-
bert and Köngeter 2005). Hipsey et al. (2004) revealed that
downwind velocity deficits of small, wind-sheltered waterbod-
ies in Western Australia could eventually lead to a 20%–30%
reduction in evaporation. As seen in Rueda et al. (2005), con-
siderable variability in the wind field over Clear Lake, Califor-
nia, occurred as a result of the local topography. In another
study, Markfort et al. (2010) used a wind tunnel to examine
bluff/vegetation canopy effects in a lake and validated their
results against field measurements. Both laboratory and field
investigations suggested reduction of shear stress over a longi-
tudinal distance of 40–60 times the canopy height. The study
also showed substantial wind sheltering occurred in lakes
smaller than 1 km2 in size that are surrounded by bluffs or tree
canopies taller than 10 m.

In modeling lake hydrodynamics, the wind field can be
treated in a variety of ways. The simplest method is to define a
uniform wind field such as investigations for Lake Ypacarai,
Paraguay (Alexander and Imberger 2009; Imberger et al. 2017);
Lake Okeechobee, Florida (Jin and Ji 2004); and Lake Tianyinhu,
Nanjing, China (Gong et al. 2016). Some studies (Hodges
et al. 2000; Laval et al. 2003; Marti and Imberger 2008; Marti
et al. 2016; Valerio et al. 2012) have employed a simple linear
interpolation method to capture the wind field variability.
Laval et al. (2003) indicated that although a uniform wind
field applied in a lake model simulated the internal wave
motions well, the simulated seiche amplitudes were too large.
However, prescription of a variable wind field improved the
wave amplitude prediction and reduced the phase (timing) error
significantly. Valerio et al. (2012) concluded that “internal wave
modes are excited whenever the spatial and temporal structure
of a wind field over a lake matches the surface velocity field of a
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particular internal mode.” Gong et al. (2016) used the 3D Envi-
ronmental Fluid Dynamics Code to study an urban lake, Lake
Tianyinhu, in the southeast of Nanjing, China. Dissolved oxygen,
chlorophyll a, total phosphorus, total nitrogen, and ammonia
nitrogen (NH4) were modeled with uniform wind applied at the
lake surface. Xing et al. (2018) applied the Estuary Lake and
Coastal Ocean Model (ELCOM) coupled with the Computa-
tional Aquatic Ecosystem Dynamics Model (CAEDYM) for a
tropical reservoir in Singapore. The effects of variable versus uni-
form wind field on water quality were investigated, and it was
found that application of a variable wind field provided more
accurate modeling results, particularly for the areas of the reser-
voir affected by wind shielding from the surrounding buildings.

The above review highlights the importance of accurately
representing the spatial characteristics of a wind field on
hydrodynamic and water quality model results. In addition, for
real-time management, the temporal dimension needs to be
considered. We applied field measured wind data and adapted
results from a computational fluid dynamics (CFD) model for
an urban lake to develop a model to predict the spatiotempo-
ral wind field. Although it might be possible to run the CFD
model directly to predict the wind field, this option is infeasi-
ble due to the run time and computation requirements (Hen-
dricks et al. 2007), since a secondary goal of the model is that
it should be suitable for real-time implementation, which
requires model run time to be within reasonable limits. There-
fore, the objectives of this study were to (i) analyze field mea-
sured wind data for temporal behavior at several locations
around a highly urbanized reservoir, (ii) assimilate CFDmodel
results for the steady wind field over the lake, and (iii) develop
an algorithm to couple the field measured temporal data with
steady-state CFD model results to predict spatiotemporal
wind patterns.

2. Method

A data assimilation technique that incorporates field measured
wind data and CFDmodeled data is proposed in this study. First,
the wind data measured at the reference station (located at the
reservoir surface, free from obstructions) was analyzed for the
average wind speed for 10 dominant wind directions. Second, a
CFDmodel was run for each of the average wind speeds at these
10 wind directions to generate maps of the spatially varying wind
field over the entire reservoir surface. The CFD model was run
for steady conditions. Third, additional maps of the wind field
corresponding to other wind velocities were generated. Using the
10 CFD wind fields from the previous step, a database of
30 maps per wind direction corresponding to other wind velocities,
or a total of 300 maps were created via a scaling procedure. Last,
a data assimilation procedure was applied incorporating the tem-
poral wind data measured at the wind stations and the CFD wind
field database in developing the spatiotemporal wind model. The
accuracy of the spatiotemporal wind model was validated by com-
paring the model results with field data.

a. Study area and field data

The study site is a tropical reservoir in Singapore (Fig. 1).
The reservoir is divided into three limbs, namely, the southwest
(SW), northeast (NE), and southeast (SE) limbs. The SW limb
of the reservoir is mostly flanked by tall buildings, with the cen-
tral business district (CBD) area to the west that hosts some of
the tallest buildings in Singapore, with the tallest buildings aver-
aging 230 m in height and in excess of 60 stories. Likewise, the
NE limb is flanked by tall residential apartments to the south.
The SE limb is the most open and less impacted by structures.

Singapore has a tropical climate characterized by warm tem-
peratures, high humidity, and abundant rainfall throughout

FIG. 1. A 3D image of the study site (Google Earth 2017) showing the reservoir in downtown Singapore,
flanked by tall structures.
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the year. Average temperatures range from 248 to 328C during
the night and day, respectively. Relative humidity ranges from
90% in the early morning to 60% in the midafternoon. Rain is
recorded on an average of 167 days per year with a long-term
mean annual rainfall of 2166 mm. The climate in Singapore
can be characterized by two monsoon seasons. The northeast
monsoon (NEM) season occurs from December to early
March with prevailing northerly to northeasterly winds.
Although rainfall occurs throughout the year, December and
January are typically the wettest months. The southwest mon-
soon (SWM) season lasts from June to September with pre-
vailing southeasterly to southerly winds. During this season,
thunderstorms originating from Sumatra or the Straits of
Malacca may cause occasional wind gusts from predawn to
midday. The periods between the two dominant monsoon sea-
sons are referred to as the intermonsoon (IM) periods (from
late March to May and again in October and November), and
these two intermonsoons generally have less-distinctive wind
patterns (Meteorological Service Singapore 2018).

Two-dimensional (2D) wind sensors (R. M. Young 2020)
were installed to collect wind data at a total of eight locations
(W01–W07 and W11 in Fig. 1) in the vicinity of the reservoir.
Wind sensors W01, W02, W03, and W04 were deployed on
platforms floating on the reservoir surface, with W03 and
W04 closer to shore and W01 and W02 farther out in open
water. W05, W06, W07, and W11 were located onshore, close
to the edge of the reservoir and sited close to large buildings
so as to understand the impact to the wind field from these
structures. The shore-based wind sensors were installed at a
height of approximately 2 m above ground. Each sensor
recorded wind direction and velocity at 1-min intervals. The
floating sensors also incorporated compass readings to correct
for sensor motion. W01 was adopted as the reference station
since it is located on the water surface and is relatively unaf-
fected by obstructions while measurements by the other wind
sensors were expected to be influenced by adjacent structures.
Wind data over a full year, from 0000 LT 16 January 2014 to
2359 LT 15 January 2015, were analyzed in this study. In addi-
tion, wind data were also available for 2007 at W01. This addi-
tional set of wind data was analyzed (see wind model and
analysis of wind data; section 2c and 3a, respectively) to pro-
vide the boundary condition for the CFD model. All the wind
data were first cleaned by removing duplicate values and out-
liers and filling missing data. A number of methods have been
identified to infill missing time series data in the literature,
including regression, inverse distance weighting, nonparamet-
ric stochastic direct sampling, neural network, and other artifi-
cial intelligence approaches (Coulibaly and Evora 2007;
Dembélé et al. 2019; Nourani et al. 2016; Shabalala et al.
2019; Tardivo and Berti 2012). However, because the data qual-
ity was reasonably good (only 8% were found to be erroneous,
and most were single values) and because of the fine temporal
resolution of the data, we took a simpler approach whereby sin-
gle missing values were calculated using the average of the previ-
ous and next records. In cases for which there were missing
consecutive values, we applied the value recorded exactly one
cycle (i.e., 1 day or 1440 min) before. Furthermore, the data were
also smoothed to remove noise, using the Savitzky–Golay

filtering method (Orfanidis 1996), which adopts a best-estimate
window size for noise cancellation. Other details of the wind data
collection and analysis can be found in Du et al. (2014).

b. CFD model

Diagnosis of the wind field for steady conditions over the
reservoir surface was conducted using a CFD model following
the approach (Wang et al. 2017, 2020) of a previous study by
Du et al. (2014). The CFD model used was Fluent (ANSYS
2019), which solves the incompressible continuity and
momentum equations for turbulent flow. The k–« model was
adopted for turbulence closure because of its high computa-
tional efficiency (Anderson 1995). Standard and second-order
discretization schemes were adapted for pressure interpola-
tion. The boundary conditions used were (i) inlet condition,
where the velocity and direction were determined from the
analysis of the wind data measured at the reference station
(see wind model section, section 2c); (ii) outlet boundary con-
dition, where atmospheric pressure was specified; (iii) nonslip
(wall boundary) condition adjacent to solid boundaries; and
(iv) free-slip condition elsewhere. The area that was modeled
included the reservoir and large buildings and structures
extending approximately 3 blocks inland and measured
3.5 km 3 2.5 km 3 0.8 km high. The size of each computation
cell is 20 m 3 20 m, with a total of 40 million cells used for the
entire modeled domain. Model runs were conducted on a
12-core, 32-GByte memory workstation with eight parallel
Fluent licenses; each simulation took about 2 days to reach
convergence to a steady state (ANSYS 2019; Du et al. 2014).
The computed wind speeds and directions were extracted for
development of the wind field database, as explained further in
the description of the wind model (section 2c).

c. Wind model

The framework for a real-time high-resolution wind model
for the reservoir was initially proposed in Du et al. (2014) and
tested for a limited time period. Further developments of the
initial model are reported in this paper, including develop-
ment of the model for long-term simulation of the spatiotem-
poral variability of the wind field suitable for real-time
application. The wind model integrates the temporal wind
variations continuously measured at a given number of loca-
tions with the spatial wind variations over the entire reservoir
surface, obtained from the CFD model. The wind model thus
evaluates the wind velocity and direction at any location of
the reservoir surface, taking as inputs, data measured at cho-
sen sensor locations. This optimal interpolation (Daley 1991)
is similar to common spatial modeling approaches (Krause
et al. 2006; Wu et al. 2012), where the target variable can be
simulated at unobserved locations provided variables of inter-
est are measured at sensors placed at selected locations.

A flowchart explaining the wind model workflow is provided
in Fig. 2. The wind model is composed of three major parts,
detailed in six steps. The first two parts, the reference station
data analysis and generation of wind maps, focus on spatial
modeling, while the third or model operation part focuses on
spatial–temporal integration. In reference station data analysis,
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wind data measured at the reference station W01 were analyzed
to provide the reference wind speeds and directions and their
probability of occurrence for the NEM, SWM, and the two IM
seasons. In generation of wind maps, CFD model results were
analyzed to provide the spatial distribution of wind over the
water surface. Finally, model operation integrates the real-time
wind data recorded at selected locations with the spatial model
for the NEM, SWM and the two IM seasons. Following this
general description, details of each of the steps are as follows:

In step 1 (reference station data analysis), the wind data for
2007 at W01 were binned according to an 8-point compass
rose. Two more directions, north-northeast (NNE) and south-
southwest (SSW), were included in the analysis, yielding a
10-point compass rose in total.

In step 2 (probability of occurrence), the data at W01 were
also analyzed to provide a probability of occurrence (P)
matrix. The reference station wind speed can reach a maxi-
mum of 9 m s21. For each of the compass rose directions,
therefore, the wind speed was divided into 30 segments in
bins of 0.3 m s21, with midpoints equal to V′

R � 0:15,0:45,
0:75,…, 8:85 m s21. This results in a 10 3 30 matrix, with each
cell containing a distribution of wind speeds over a specified
direction range. The probability of occurrence was derived by
counting the number of instances in each cell of the matrix
divided by the total number of instances.

In step 3 (CFD model simulations), the average wind
speed VR from the reference station (W01) was derived for
each of the 10-point compass directions (step 1) and applied

FIG. 2. Schematic of the wind model workflow for NEM, SWM, and two IM seasons. The individual model steps are
denoted by numbers within open circles.
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to the CFD model as the inlet boundary condition. Because
of the high computational cost of running CFD models
(Hendricks et al. 2007), the model was run to steady state
for only the average wind condition. The CFD model runs
resulted in 10 velocity maps, corresponding to the 10 com-
pass directions.

In step 4 (scaling), the velocity maps created in step 3 are
gridded cells that cover the reservoir, with each cell contain-
ing wind speed and direction. These velocity maps, however,
are applicable to only the average wind speed at the reference
station VR for each compass rose direction. This is obviously
insufficient, since in practice, the wind speed will vary over a
range of values. As it was computationally prohibitive to run
the CFD model for all reference station wind speeds, a linear
scaling approach was used to approximate the velocity distri-
butions over the entire reservoir surface at other reference
station wind speeds. Considering all the cells covering the res-
ervoir ϑ, the computations were done for each individual cell
y. First, a relative velocity at each cell V′

y was created (see step
4.1 in Fig. 2) by normalizing the CFD model result for each
cell Vy with the CFD model result at the reference station
VR:

V′
y � Vy=VR: (1)

Then, the velocity map for other values of V′
R at the reference

station were obtained by scaling:
VyR � V′

yV′
R, (2)

resulting in 30 velocity maps for each compass point direction
(see step 4.2 in Fig. 2). This process was repeated for the 10-
point compass rose directions, resulting in 300 velocity maps.

In step 5 (mean and covariance computations), the average
wind velocity at each cell my can be computed as

my �
∑300
k�1

xykPk, (3)

where xyk is the wind velocity at cell y captured from wind
velocity map k (k = 1, 300) and Pk is the corresponding
probability of occurrence. In Eq. (3), the velocity was first
converted from a polar coordinate system to a Cartesian
one (Stull 2017), such that my represents either the eastward
(U) or northward (V) velocity components. If A ⊂ ϑ is a
vector containing n wind station cells, the covariance of
wind velocity between wind station cells SAA can be com-
puted as

RAA �
S1,1 · · · S1,n

..

. . .
. ..

.

Sn,1 · · · Sn,n

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
, (4)

where Si,j � cov(xi,xj) �∑300
k�1Pk (xik 2mi)(xjk 2mj); xik

and xjk are velocities at wind stations i and j, respectively,
captured from velocity map k; and mi and mj are mean veloc-
ities at a wind stations i and j. The covariance of wind veloc-
ity between each cell y and the wind station cells SyA can be
computed as

RyA � Sy,1 · · · Sy,n
[ ]

, and

Syj � cov y, j( ) �
∑300
k�1

Pk(xyk 2 my)(xjk 2 mj), (5)

FIG. 3. Wind data for 2007 at W01.
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where xyk is the wind velocity at cell y. For each velocity and
direction, Eq. (4) results in an n by n matrix, where n is wind
station cells, and Eq. (5) results in n covariance maps, with
each map showing the covariance of all cells with a specific
wind station cell.

In step 6 (modeling of spatiotemporal patterns), the spatio-
temporal pattern of the wind over the reservoir surface is
determined from an integration of the real-time measured
data with the mean my maps, covariance maps SyA, and
covariance matrix SAA:

m(yA| ) � my 1 RyAR
21
AA(xA 2 mA)T, (6)

where m(y|A) is the modeled wind at cell y and xA is the vector
of real-time wind sensor readings.

3. Results and discussion

a. Analysis of wind data

The probability density function of the 2007 wind data for
the reference station W01 is shown in Fig. 3. The recorded
data show that the wind direction tracks in general northerly
and southerly directions during the NEM and SWM seasons,
respectively, and is more variable during the two IM seasons.
Karthikeya et al. (2016) indicated that the measured wind
direction can deviate significantly from the prevailing wind
directions even when measurements were made on rooftops
of the tallest buildings in the study area. The average wind
speed recorded at W01 for 2007 was used for the CFD model
(step 1 wind model section; section 2c) and computation of
the probability matrix (step 2 wind model section; section 2c).
The probability of occurrence for 10 different wind directions

partitioned into 30 bins with 0.3 m s21 intervals is also shown.
The probability distributions indicate higher probabilities in
N and SE directions for NEM and SWM seasons, respectively,
and that higher magnitude winds occur mainly in the NEM
season.

The wind data recorded at per minute intervals for 2014–15
at all the wind stations (a total of 525 600 data points per sta-
tion) are shown in Fig. 4 and indicate seasonal variations in
wind direction and velocity for the NEM, SWM, and IM sea-
sons. Similar to the 2007 data, the wind recorded at W01, is
mainly in the north (N) and south (S) directions. There is a
significant degree of spatial heterogeneity in both the wind
speed and direction caused by obstructions around the reser-
voir. The W02, W05, and W06 sites generally exhibit north-
erly and southerly directions for the NEM and SWM seasons,
respectively. Site W03 shows significant alteration to the wind
characteristics during the NEM season, and this can be attrib-
uted to obstructions close to W03, which resulted in the wind
direction being deflected in a southeasterly direction during
NEM season. The data measured at site W07 are affected dur-
ing both the NEM and SWM seasons by tall buildings located
north and south of W07, respectively (Fig. 1). Likewise, the
wind velocity recorded at W11, which is flanked by a sports
stadium to the north and high-rise apartment buildings to the
south, is markedly low.

The hourly variation for the 2014–15 data is plotted as 24-h
ensembles for different seasons in Fig. 5. Irrespective of the
season, it is observed that wind velocities are generally
weaker in the morning and peak around midafternoon. There
is better agreement between the measured wind direction and
the expected wind direction for the NEM than the SWM sea-
sons, since winds from the south approach the reservoir rela-
tively unhindered. The wind direction recorded at W01

FIG. 4. Wind roses for all stations, 2014–15.
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exhibits mainly northerly and southerly directions consistent
with the NEM and SWM seasons, respectively, with greater
variability during the IM seasons. Wind velocities recorded at
W07 and W11 are noticeably lower than at other locations
due to shielding by surrounding structures. Alterations to the
wind direction measured at W03, particularly during the
NEM season as a result of the elevated highway north of
W03, are also apparent.

b. CFD model results

Figure 6 shows the wind velocities obtained from the 10
CFD model runs with wind originating from the 10 compass
points, or N, NNE, NE, E, SE, S, SSW, SW, W, and NW
directions, with average speeds of 2.0, 2.1, 1.7, 2.5, 2.3, 1.6, 1.5,
1.0, 1.9, and 1.8 m s21, respectively. These speeds were
obtained from the analysis of the 2007 wind data at W01,
shown in Fig. 3. In general, the results show that wind speeds
decrease significantly in the wake region of large structures,
accompanied by significant alteration in direction. For winds
from the south, it is observed that the SW limb wind velocity
falls close to 0 in the wake region, extending over the entire
region to the north, due primarily to tall buildings south of
the SW limb. The wind is also channeled between the

buildings, reaching velocities of up to 1.7 m s21 and giving rise
to a high velocity gradient over the surface. Similar sheltering
effects can be observed over parts of the NE limb due to
high-rise apartments to the south. Last, little impact, if any,
can be observed to the wind field over the SE limb (Fig. 1) as
it is relatively free from structures. Similar observations are
made for winds from the north (08).

Results from the CFD model were analyzed corresponding
to a further nine directions as mentioned in the wind model
section (section 2c), with the severity of impact varying with
wind direction and relative orientation to tall buildings. Fig-
ure 7 shows CFD model direction/velocity mean maps for dif-
ferent seasons (generated as detailed in step 5, wind model
section, section 2c) The CFD model output shows that alter-
ation of the wind condition over the reservoir surface varies
between the different seasons, especially in the SW limb. The
SW limb is fronted by tall buildings to the north and south.
The locations of these buildings coincide with the dominant
wind directions during the main monsoon seasons, inducing a
wake zone over the water surface of the SW limb through the
year. On the other hand, the wind field in the NE limb is rela-
tively unaffected during the NEM season but altered during
the SWM season.

FIG. 5. Diurnal variation of wind direction and velocity for different seasons: (a) NEM, (b) IM 1, (c) SWM, and (d)
IM 2. Note that wind vectors are plotted with 08 (N) pointing toward the left (←), proceeding in counterclockwise
direction, with 908 (E) pointing downward (↓), etc.
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Figure 8 illustrates the covariance matrix of the sensor
network for each season. The figure shows that the covari-
ance between each pair of sensors is positive, indicating the
tendency of a linear relationship between sensors. Lower
covariance (e.g., for sensor W02 or sensor W07 with other

sensors) specifically in NEM season, may relate to the fact
that W02 and W07 are in the reservoir SW limb, which is
most impacted by the presence of tall buildings and there-
fore experiences the greatest degree of alteration to its
wind field.

FIG. 6. CFDmodel results for 10 dominant wind directions (the reservoir is enclosed by the white dashed line).

FIG. 7. CFDmodel direction/velocity mean maps for different seasons (the reservoir is enclosed by the black dashed line).
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c. Spatiotemporal wind model

1) MODEL VALIDATION AND CHOICE OF SENSORS

In the development of the spatiotemporal wind model [Eq.
(6)], field measured wind data is required. Our inspection of
the wind sensor data shows that most of the land-based sen-
sors (W05, W07, and W11) are locally impacted by structures
close by; data from these sensors hence have a higher variabil-
ity relative to the reservoir-based sensors. It is uncertain if the
inclusion of the data from the onshore sensors will be detri-
mental in real-time predictions, due to the high degree of vari-
ability in the data. A sensitivity study therefore was carried
out to determine the location and number of wind sensors
(xA) to be included in the wind model. Another reason for
selecting candidate wind sensors is eventually the selected
sensors will be included in the real-time system, and this
investigation was needed to identify the most appropriate
combination of sensors to be used. Two scenarios were thus
evaluated: scenario 1, applying all land- and reservoir-based
sensors, except W06; scenario 2, applying only the reservoir-
based sensors W01, W02, W03, and W04. The two scenarios
were validated by comparing the results with wind measured
at W06, which was averaged over 10 min from 0000 LT 16
January 2014 to 2359 LT 15 January 2015. The scenario that
provides the better validation of the spatiotemporal model
would then be selected for the real-time system.

Comparisons of the wind model results with measured data
at W06 are shown in Fig. 9. An observation of the results indi-
cates that scenario 2 provides a better agreement between the
measured and predicted results. In general, the R2 for wind
speed prediction is much higher for scenario 2 than for scenario
1; R2 is 0.4 versus 0.28 for NEM, 0.5 versus 0.22 for SWM, and
0.65 versus 0.29 for IM. These results indicate that the wind
sensors placed on the water surface are better for real-time pre-
dictions. It is apparent that the shore-based wind sensors, such
as W05, W07, and W11 located close to structures are sensitive
to local fluctuations, whereas the reservoir-based sensors pro-
vide an integrative effect combining perturbations to the wind
field exerted by buildings close to the shore. Including shore-
based sensors presents an over refinement of the wind inputs
required by the model, leading to a deterioration in model
results.

2) LONG-TERM MODEL EVALUATION

The CFD database and the probability matrix (steps 1–4,
wind model section; section 2c) were used to provide the
mean maps, covariance matrix between sensor cells, and
covariance maps between each cell and the sensor network
for modeling the spatiotemporal wind variations (step 5 of
wind model section; section 2c), suitable for real-time applica-
tion. Figure 10 illustrates a snapshot, at noon, of results from
the real-time wind model for a given day of each season. The
wind model results for the NEM season (Fig. 10b) show a
general direction of NNE mainly over the SE limb. However,
there is some alteration to the prevailing wind direction in the
SW and NE limbs due to the tall buildings around the reser-
voir. The wind velocity is generally higher in the SE limb,
reaching up to 5.4 m s21, and generally there are higher veloc-
ities at the southeast half of the SE limb. The SW limb is in a
sheltered area with reduced velocities except at the eastern
and western edges of the Marina Bay Sands (MBS), where
velocity can increase to 5 m s21 because of winds passing the
outermost edges of high-rise buildings in the CBD area,
accompanied by change in wind direction (Fig. 10a). In the
NE limb, the wind velocity is likewise relatively smaller than
that for the SE limb.

The wind model results for the SWM season are shown in
Figs. 10e and 10f (15 August 2014). Wind directions are gen-
erally from 1808 with the exception of areas adjacent to the
tall buildings south of the SW limb (Fig. 1), where wind direc-
tion is dramatically altered, winds in excess of 5 m s21 are
observed around the buildings, and velocities are substantially
reduced in the wake region. Although a large variation is
observed in the SW limb, the wind velocity is almost uniform
in the SE limb (Fig. 10e). For the NE limb, velocities are
lower, generally, as compared with the SE limb because of the
wind-sheltering effect of the apartments south of the NE
limb. The wind model results for IM seasons (30 April and 15
October 2014) are generally less distinct (Figs. 10c,d,g,h,
respectively). Velocity during the IM season in the SE limb is
slightly lower than during the monsoon seasons. For the NE
limb the wind is also uniform and has a lower velocity relative
to the SWM season.

A full year variation of the wind at the water surface at
three selected locations in the reservoir (SE limb, SW limb,

FIG. 8. Covariance matrix of wind sensor network for different seasons.
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and NE limb, as indicated in Fig. 10a) is shown in Fig. 11 for
the period from 0000 LT 16 January 2014 to 2359 LT 15 Janu-
ary 2015. Results for the other 4150 locations on the reservoir
surface can similarly be plotted. In deriving these plots, the

wind model takes as input the wind data measured incremen-
tally at the sensors, to generate the spatiotemporal distribu-
tion of the wind field over the water surface. Wind velocities
in the SE and NE limbs (Figs. 11a,b) generally are higher

FIG. 10. Wind (top) velocity and (bottom) direction at noon for (a),(b) NEM season (15 Jan 2015); (c),(d) IM (30 Apr 2014); (e),(f)
SWM season (1 Aug 2014); and (g), (h) IM (15 Oct 2014) periods. The symbols in (a) indicate the locations of long-term modeling (Fig. 11,
below).

FIG. 9. Model results for the two scenarios.
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than the SW limb. The velocities are higher during the NEM
months, which is typical. Wind speeds in the SW limb (Fig.
11b) are markedly lower throughout the year. Although the
reduction is more significant in the IM and the SWM seasons,
coinciding with periods of relatively weaker winds, the main
cause of the reduction in wind speeds is sheltering caused by
the tall buildings and structures to the north and south of the
SW limb. For the NE limb (Fig. 11c), wind velocities remain
relatively high in the NEM season, comparable to the SE
limb; however, they generally were lower for the other sea-
sons, especially during the SWM season. This can be attrib-
uted to wind-sheltering effects of high-rise apartments to the
south of NE limb. The wind direction results at all locations
(Fig. 10) show similar consistency with the prevailing wind
directions for the SE limb (Fig. 11a) generally being from the
north during the NEM season and south during the SWM sea-
son. There is greater variability in the wind directions
observed for the SW limb and NE limb, because of wind-shel-
tering effects.

4. Conclusions

Analysis of the measured wind data for a reservoir in down-
town Singapore showed that the wind field within the SE limb
is consistent with the prevailing wind conditions as this area is
relatively free of surrounding structures. Greater variability in
the wind field was observed especially for the SW limb, which
is surrounded by tall buildings. These structures provide shel-
tering effects during both the NEM and SWM seasons, result-
ing in clear alterations to wind direction and changes to wind
speed at the measurement locations.

The effects of wind sheltering were predicted by a CFD
model, run under steady conditions, using the mean wind
speeds measured at the SE limb, chosen as the reference
velocity for the input boundary condition. The CFD results
revealed the impact that the surrounding structures have in
influencing the spatial distribution of the wind field over the
reservoir surface, altering the wind direction and wind speed.
The sheltering effects are especially significant in the SW

limb, where surrounding structures can exert impacts over
areas of the reservoir surface due to the proximity of these
structures and the relatively small water surface area.

An algorithm was developed to couple the steady CFD
model (used to provide the spatial pattern) results and mea-
sured wind data (used to provide the temporal pattern). Dem-
onstration of the wind model was performed by running the
model for a full year. Snapshots of the model results show
that the spatial variation of the wind field for the reservoir is
well predicted by the model. Model validation revealed signif-
icant seasonal variation of the wind field over the reservoir
surface. Incorporating the measured data with the steady
CFD results, the developed wind model is therefore able to
predict the spatiotemporal pattern of the wind field over the
reservoir surface in real time.

Following the conclusion of this study, we have integrated
the wind model with a linked catchment and 3D reservoir
model. This suite of linked models will enable us to predict, in
real time, the impact of wind effects on reservoir water quality
in support of better operations and planning decisions (Irvine
et al. 2019). Additional future scenarios and lines of research
also would be worth pursuing. In particular, sensitivity analy-
sis might be undertaken by comparing the wind fields over
the reservoir without the current tall buildings as compared
with the existing building configuration. Additional building
obstructions also might be modeled to represent future devel-
opment around the reservoir with results being used to guide
building configuration to minimize water quality impacts.
Finally, we note that the existing detailed monitoring had
excellent time step coverage. However, it would be valuable
to both extend the temporal length of record for more rigor-
ous assessment of model uncertainty and conduct additional
directed spatial measurements of wind speed especially at the
surface of the waterbody. Such measurements would more
specifically define sheltering dynamics that might be used to
refine the modeling approach.

Acknowledgments. This work is supported by the Singa-
pore National Research Foundation, under its Environment

FIG. 11. Long-term modeling results at noon for selected points at the (a) SE limb, (b) SW limb, and (c) NE limb.

A S HRA F I E T A L . 499MAY 2022



and Water Technologies Strategic Research Programme
and administered by the Environment and Water Industry
Programme Office, and PUB, Singapore’s National Water
Agency, under project 1002-IRIS-09. There is no conflict of
interest for this study.

Data availability statement. This paper was thoroughly vet-
ted by the Public Utilities Board (PUB), Singapore’s National
Water Agency, and approved for submission to peer-reviewed
journal and for public release. The data used in this study
comprise wind data measured at the sensor locations indi-
cated in the paper. The data belong to the PUB (https://www.
pub.gov.sg/). Interested parties are advised to contact the
PUB directly for access to the data.

REFERENCES

Alexander, R., and J. Imberger, 2009: Spatial distribution of
motile phytoplankton in a stratified reservoir: The physical
controls on patch formation. J. Plankton Res., 31, 101–118,
https://doi.org/10.1093/plankt/fbn101.

Anderson, J. D., 1995: Computational Fluid Dynamics: The Basics
with Applications. McGraw-Hill, 547 pp.

ANSYS, 2019: ANSYS fluent. Accessed 21 July 2019, https://
www.ansys.com/products/fluids/ansys-fluent.

Coulibaly, P., and N. D. Evora, 2007: Comparison of neural network
methods for infilling missing daily weather records. J. Hydrol.,
341, 27–41, https://doi.org/10.1016/j.jhydrol.2007.04.020.

Daley, R., 1991: Atmospheric Data Analysis. Vol. 2, Cambridge
University Press, 457 pp.

Dembélé, M., F. Oriani, J. Tumbulto, G. Mariéthoz, and B. Schaefli,
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