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Particle image velocimetry (PIV) is commonly used to measure multiple field-of-views (FOVs) of the flow in large
urban domains, performed in wind tunnels using an array of cameras located at fixed positions or a single camera
setup that traverses during the measurements. With respect to the large amount of data produced in this type of
measurement, traditional stitching approaches are no longer adequate to efficiently merge the image data. A
physics-based flow field stitching method is proposed for stitching flows in urban wind fields, named regional-
flow stitching. It matches the flow characteristics within neighboring FOVs of flow using a vorticity-based
reference window. The method is based on finding the optimal similarity between a reference window in one
FOV and another possible matching window in the other FOV. The matching window rolls in both directions at
the interval of two adjacent data points, which determines the stitching resolution. The matching in flow sim-
ilarity is evaluated using the normalized root-mean-squared error (NRMSE) between reference and possible
matching windows, which is evaluated by comparison to a traditional stitching method and further verified using
planar and stereo wind tunnel PIV measurement results. A comparison of computational cost with 8 FOVs and
approximate 7% surface overlap between FOVs shows that our method is faster, taking about 46% of processing
time, than a traditional stitching method. 3D visualization of the merged FOVs is further demonstrated with
ParaView. The proposed stitching method may serve as a powerful tool for experimental studies involving large
domains of urban wind flow fields.

1. Introduction

The technique of multiple field-of-view (FOV) measurements is
increasingly being applied to expand the spatial domain of interest in
experimental flow studies. Stitching of measurement results becomes an
essential step in data-processing and advanced analyses. Wind tunnel
particle image velocimetry (PIV) is a common experimental technique to
investigate various topics in urban climate research [1], ranging from
urban heat island (UHI) effect [2,3] to pedestrian health and comfort
[4-6]. In the past, idealized generic models and single cavities were
mainly studied using single camera systems [7,8]. Recent studies have
started to measure large flow fields covering complex building clusters
and urban areas [9,10]. However, a camera’s effective coverage is
sometimes limited for studies of this purpose, mainly constrained by the
spatial coverage of a light sheet and the spatial resolution of the camera.
A widely adopted solution to expand the spatial domain is to record
particle images at a series of camera locations [4,9,11-13], which is
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referred to as the multi-FOV approach.

This approach has been employed in many fields of research, such as
pollutants tracking [14,15], thermal image registration [16], and
real-time weather monitoring [17]. In some studies, for instance, an
array of multispectral and electro-optical infrared cameras is used as
sensors for detecting and tracking signs of environmental contamina-
tion, where the measurement data are stitched and merged with
geographic information [14,15]. Another example is the application of
multi-FOV stitching to the visualization of real-time 3D weather data
with high-resolution large-scale terrain [17].

In this paper, we focus on multi-FOV stitching of wind tunnel PIV
images. One of the motivations is that our work may largely benefit large
data processing in experimental research of flow fields around buildings
and urban morphologies [3,18-20]. These studies may have large im-
pacts on heat transfer, building energy demand [21,22], and pollutant
removal [23-25]. More importantly, in most wind and water tunnel
studies, the physical models are scaled-down at large ratios, typically
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ranging from 1: 100 to 1: 200 [1,2,4,9,11,26-28]. Since small spatial
variations in the flow field at reduced scale correspond to large changes
of the actual flow at full-scale, the level of spatial resolution in these
measurements depends on the accuracy of FOV stitching. From an op-
tical point of view, sometimes multiple measurement planes have to be
adopted to overcome the constraint that the laser sheet can not fully
cover the domain of interest within a canopy [9]. Therefore,
high-resolution fast multi-FOV stitching is nowadays essential in PIV
data processing.

Current PIV experimental studies adopt different solutions to stitch
measurement data. Some studies conducted synchronous measurements
with a three-camera PIV system [29]. In another work [13] double frame
PIV images from 12 cameras were merged into two large images prior to
PIV analysis. To overcome slight misalignments and lens distortion, two
large images are dewarped subsequently for image reconstruction and
spaced onto a Cartesian grid with first-order polynomial mapping. The
image reconstruction can also be conducted using the fast multiplicative
algebraic reconstruction technique (MART) as present within LaVision
8.1 software [30]. When only a few FOVs are needed, calibration with a
reference target covering the entire measurement plane can be used for
stitching FOVs. This approach, however, needs specific efforts in cali-
bration process including the project-specific target, with less flexibility
in the later post-processing stage. Some of commercial softwares enable
stitching for two-FOV synchronous PIV images with additional steps,
which provide a simple and accurate stitching for multi-camera exper-
imental settings. However, these stitching algorithms require more than
30% spatial overlap [31,32], where our method only needs around 12%
overlap.

Due to the availability of high-speed cameras, some studies proved
the practicability of using fewer cameras by conducting non-
synchronous measurements separately at different locations. Moving
models to expand the measurement plane is also possible when the
streamwise spatial influence on wind speed and turbulence intensity is
negligible [4,11]. In this type of setup, cameras are usually mounted on a
high-resolution traverse system. For example, Vectoflow offers a tra-
verse system with a resolution of 25 pm [33], and TSI offers a traverse
system with a resolution of 6.25 pm [34]. The FOVs are then stitched
according to the traverse system settings. When a simple arrangement of
a few camera locations is implemented, roughly merging the field data
can be acceptable. Moreover, in Refs. [9,35], synchronized and
non-synchronized approaches are combined to maximize the spatial
range of the measurement plane. The ensemble-averaged FOVs were
then blended together using in-house MATLAB codes [35].

Some emerging techniques may be very helpful for stitching multi-
FOVs. For example, the panorama image/video stitching used in com-
puter vision could be adapted to process particle images or flow fields.
The main procedure of general panorama stitching is the detection of
distinctive key points, matching features, transformation, registration to
reach a final panorama [36,37]. Compared to panorama image stitching
with a central perspective projection, the projection of a PIV system is
warranted to be parallel where a telecentric optics camera is usually
employed guaranteeing rays passing through the camera are nearly
collimated and parallel to the optical axis. Lens distortion was found to
be less than 0.5 pixels [38]. The distortion, rotations, and scaling of
images are negligible or can be solved in a spatial calibration process. In
other words, since the images can be seen as projections on one mea-
surement plane parallel to the cameras, the PIV FOV stitching in
pre-processing only focuses on image linear overlap [39,40].

To summarize, although many studies have made attempts in
stitching multi-FOVs, an accessible solution targeting high-accuracy and
computationally effective stitching of PIV measurement data in wind or
water tunnels is still much needed. This study proposes a method for
stitching, merging and visualization of urban wind fields, using in-house
Python scripts accessible in GitHub [41]. The proposed regional-flow
stitching approach diagnoses flow similarity by matching flow charac-
teristics between a vorticity-based reference window and matching
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windows in two neighboring FOVs. The algorithms are elaborated in
section 2, and the results are discussed in section 4. In section 3, the
wind tunnel experiment providing the PIV data is briefly presented. The
developed method facilitates fast visualization and subsequent analyses
of flow fields.

2. Methodology
2.1. Data-processing workflow

The proposed workflow for stitching multi-FOV PIV measurements is
illustrated in Fig. 1. During a conventional calibration, each camera has
to be focused on the corresponding FOV. In our method, a standard
reference target can be used and moved to different camera locations to
facilitate the calibration. As all the FOVs are attached to the large
measurement plane, non-synchronous measurements with a single
camera moving from one FOV location to another, only require a single
calibration at one of the FOV locations. Comparing to traditional multi-
camera calibration process using a common large target, our approach
requires less effort in calibration. If cameras are individually calibrated
in different grids, the two velocity fields (obtained after cross-
correlation) should be mapped to have the same ‘virtual’ spatial reso-
lution before performing the stitching.

In post-processing, pairs of particle images are processed using the
cross-correlation algorithm available in DaVis [32] to obtain the flow
field data. DynamicStudio [31] and open-source PIV postprocessing
codes (e.g. MatPIV [42]) may also be used to perform cross-correlations
with a selection of interrogation window size. These flow data are then
time averaged, and used in the stitching method. The overlap between
different FOVs is at least 5% area. The overlap between different FOVs is
at least 5% area. This is not a fixed value for all experiments. Selection of
the overlap region should be based on the experimental settings,
providing sufficient space to filter out boundary data, and facilitating
the diagnosis of flow similarity. In flows presenting a large velocity
gradient, a relatively small overlap region is sufficient, while for more
uniform flows, a larger overlap region is required to effectively stitch
FOVs. Using a regional-flow stitching method the translation distance
between FOVs is determined by finding an optimal match in flow
characteristics between neighboring FOVs. The proposed regional-flow
stitching method is based on matching flow similarity in the overlap
areas, allowing applications to a large amount of data, which provides
more flexibility in post-processing stage. Using the obtained translation
distances the different FOV datasets are cropped and merged to form a
new ensemble FOV dataset covering the entire measurement plane.
Finally, the merged flow field data together with building models can be
visualized using ParaView [38].

2.2. Regional-flow stitching

After proper measurement and cross-correlation processing, the ve-
locity fields should contain the accurate result of the distribution and
magnitude of velocity vectors at each timestep during a certain period.
Our proposed method stitches the velocity fields. And the resolution of
the stitching is the resolution of the velocity fields, which is determined
by the interrogation window size and the interrogation window overlap
in cross-correlation. Each FOV is linearly translated and overlap in two
out of three directions. For example, for a horizontal plane, the FOVs are
translated in x (streamwise) and y (spanwise) directions (refer to Fig. 3),
while on a vertical plane, the FOVs should only be translated in x
(streamwise) and z (height) directions.

Fig. 2 illustrates the essential steps in the proposed regional-flow
stitching method. First, a reference window (RW) is selected in the
FOV A, which contains n x m data points in the overlap region of FOV A
with FOV B. In our test example, the two FOV have the same resolution.
If the two FOV has different spatial resolutions, an additional step is
required to convert all vector fields to the same spatial resolution. The
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Fig. 1. Schematic diagram of data process-
ing workflow for multi-FOV measurements.
The raw particle images show a double
frame measurement with Dt representing the
interval between two frames and the fre-
quency representing the number of mea-
surements during a certain time. The yellow
squares represent the interrogation windows
in cross-correlation. The selection of smaller
interrogation windows and larger overlap
would result in the higher resolution of the
velocity fields. The illustration uses the
planar PIV measurements discussed in sec-
tion 3. (For interpretation of the references
to colour in this figure legend, the reader is
referred to the Web version of this article.)

3D visualization

Fig. 2. Stitching process of regional-flow stitch-
ing. Two FOVs, FOV A and FOV B represent the
flow field data from planar PIV measurements.
The reference window (RW) and the best-
matched window (MW) are marked in yellow.
The black rectangles denote possible matching
windows (MWs). The green rectangle denotes the
overlap region. The purple rectangle denotes the

overlap region after stitching and obtaining the

FOV AB

translation distance. The centreline of RW is

| _ Overlap
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marked in a red dashed line. The velocity fields
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HI =128, H2 =173, H3 = 436;
W1 =133, W2=188, W3 =188;
S1=188,S2=198.

Fig. 3. (a) Wind tunnel building models and (b) Dimensions of the measure-
ment area of interest: step-up buildings and two street canyons. The upstream
canyon is noted as the flat canyon and the downstream one is noted as the
steep canyon.

one with low resolution can be interpolated and mapped to a high-
resolution grid. As discussed, distortions, rotations and scale effects in
our images can be assumed small enough to be neglected, which means
that the translation of one of the two FOVs is sufficient for stitching
images. In our method, an area of n x m data points is considered to be a
key region for matching. These data in the RW are referred to as refer-
ence data points.

The location of the RW is selected showing the main characteristics

contain n x m data points, where n indicates the
number of rows and m indicates the number of
columns. (For interpretation of the references to
colour in this figure legend, the reader is referred
to the Web version of this article.)

Velocity field

of the flow field. The size of RW (data matrix n x m) should be large
enough. Different sizes of RW can be selected to perform the stitching
influencing the accuracy and efficiency of the method. We found that the
number of reference data points should be optimally greater than 2% of
the number of overlapping points. We propose to characterize the flow
field by its vorticity. The out-of-plane vorticity , measures the rotation
at any point in the fluid by Eq. (1):
W 8U
Oy= ———

oX 67 o

The window with the highest value of |o, | at its center is selected as
RW (yellow rectangle in Fig. 2). Although the out-of-plane vorticity may
not detect large-scale vortices, it allows detecting microscopic rotations
of fluid [43]. Other flow characteristics, such as flow magnitude, could
also be used to select an RW, but we found a better performance using
vorticity.

In a second step, the optimal matching between this RW and all other
possible matching windows (MWs) in FOV B is evaluated. Based on the
experimental settings of cameras, possible matching windows are situ-
ated within the upper half of FOV B (white rectangle in Fig. 2). We note
that data points at the boundaries of a FOV are neglected in the matching
process because larger errors may be present there. The flow similarity
between the RW and a possible MW is evaluated using the normalized
root-mean-squared error (NRMSE) [44,45] of time-averaged flow com-
ponents: streamwise (U), spanwise (V) and vertical (W) velocity using
Eq. (2) for planar data or Eq. (3) for stereo data:
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where |-|| denotes the Frobenius norm, Ugw and Uy represent the 2-
dimensional streamwise velocity arrays inside the reference window and
possible matching window. Wry and Wy represent the 2-dimensional
vertical velocity arrays inside the reference window and possible
matching window. Vgy and Vi represent the 2-dimensional spanwise
velocity arrays inside the reference window and possible matching
window.

The location of the best-matched MW showing minimum NRMSE
allows determining the translation distance between FOV B and FOV A
(distance measured with respect to the origin). The centreline of the
overlapping region can be determined by the translation distance. In the
overlapping region, we keep half of the data points above/below the
centreline for each FOV and merge them into a new large FOV.

The steps of the stitching process are summarized as follows:

1) Determine the location of the vorticity-based RW (marked with the
yellow rectangle in Fig. 2) on the overlapping data area (marked with
the green rectangle in Fig. 2) on FOV A. The center of the RW has the
highest absolute value of ,.

2) Roll the possible MW (marked with the black rectangle in Fig. 2)
having the same size of RW over the possible matching region
(marked with the white rectangle in Fig. 2) with a rolling distance
equal to the distance between two neighboring data points. The first
MW starts from the upper right of FOV B and rolls from right to left,
from top to bottom.

3) Calculate NRMSE between RW and MWs using Eq. (2) for planar data
or Eq. (3) for stereo data.

4) The best-matched window is the MW that shows minimum NRMSE
with the RW. The translation distances along the x-axis and z-axis can
be calculated from the location of the RW and the best-matched
window.

5) A centreline (the red dash line in Fig. 2) is created in the overlap
region using the translation distances determined in step 4. The data
of FOV A in the overlap region above the centreline and the data of
FOV B in the same region below the centreline are then selected and
merged with the rest of the data of FOV A and FOV B as a new
ensemble FOV AB.

2.3. Coordination reconstruction and data amalgamation

With the overlap region determined, the velocity fields are trimmed
along the centerline of the overlap region as discussed in step 5). A 3D
coordination system by determining the global origin and the direction
of the axes. And all the coordinates of the trimmed velocity fields are
reconstructed according to the 3D coordination system. After that, for
each timestep, velocity fields are registered and mapped according to
the 3D relative positions to the origin. Finally, we obtain a reconstructed
ensemble dataset in a global coordinate system. The resolution of the
ensemble data remains the same as the velocity field of a single FOV. The
details of this implementation can be accessed in our Python scripts in
GitHub [41], including the function of trimming, repositioning and
amalgamating of velocity fields.
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3. Wind tunnel PIV data

The proposed stitching method is applied to PIV data measured in the
ETHZ/Empa Atmospheric Boundary Layer (ABL) wind tunnel. The ge-
ometry consists of a typical urban environment at a reduced scale of
160:1 (Fig. 3). The domain of interest is the region of two step-up street
canyons, shown in dark lines in Fig. 3b. Two cameras (CMOS 12 bit dual-
frame cameras with the maximum spatial resolution of 2016 x 2016
pixelz) with a Canon lens of 135 mm are used. Cameras, remote
Scheimpflug, and lighting source (532 nm Nd:YAG laser of 200 mJ/
pulse) are fixed on traverse arms to measure the flow fields around the
area of interest. The incoming free flow velocity is 1.2 m/s that leads to
Reynolds numbers of 10,240 for the flat canyon and 13,840 for the steep
canyon. The PIV particle images are processed in DaVis [32]. Pairs of
particle images are processed using a 2-pass cross-correlation from 64 x
64 pixels interrogation window sizes, down to 32 x 32 pixels. Fig. 4
shows the locations of FOVs reference to the three step-up buildings and
the flow field data from each FOV. Nine FOVs were measured separately
by planar PIV measurements on the center plane across the three step-up
buildings (Fig. 4a). Each FOV consisted of two simultaneous measure-
ments using two cameras. Nine FOVs were obtained in separate mea-
surements by traversing the two cameras. The two synchronized
cameras were positioned vertically [46], the recordings of which were
stitched directly with approximately 30% spatial overlap. These neigh-
boring FOVs are overlapping approximately 5% along the z-axis and
x-axis. The four horizontal FOVs consist of stereo PIV measurements
covering more than half of the area of two canyons at the roof height of
the leeward building as shown in Fig. 4b. These FOVs are measured at
roof level of the canyons, with FOV10 and FOV11 at 128 mm height,
FOV12 and FOV13 at 173 mm height.

A statistical uncertainty analysis is carried out to determine the ac-
curacy of the time-average flow fields. 2000 pairs of images over a
period of 133 s measured at 15 Hz are used. The uncertainty is estimated
with the bootstrap method [2] by selecting a number of samples out of
the flow data. The coefficients of variation of U and TKE are calculated
using Eq. (4):

5(U,) o(TKE,)

Cv,u= ——  CVIKE= ~m%pu - @

U, TKE,

We select for the uncertainty analysis the data for the middle region
of FOV3 (see Fig. 4a). The coefficients of variation agree with the result
reported in Tsalicoglou et al. [2], following an exponential decay with
an increasing number of samples. As the number of samples reaches
1500, the coefficient of variation for the TKE reaches 2.20% and the
coefficient of variation for U reaches 0.66%, which is considered to
guarantee sufficient accuracy. After n = 1500, the coefficient of varia-
tion for U maintains a very low value with little deviation from 0.66%.
The uncertainty analysis proves an accurate mean flow when averaging
more than 1500 instant flow fields at 15 Hz measurement frequency.

4. Results and discussion

In this section, the regional-flow stitching is applied to planar and
stereo wind tunnel PIV measurements. For verification purposes, our
stitching results are compared to the results obtained from a reference
stitching method using stitching along a line as described in appendix A.

4.1. Stitching vertical planar-measurements

The proposed regional-flow stitching is firstly applied to the planar
data (U and W) of the neighboring FOV2 and FOV6 (refer to Fig. 4a). The
FOV area is 376.4229 mm x 208.1246 mm, and the overlap region is
approximately 7% of the total area containing more than 1300 data
points. Fig. 5a shows the mean flow after regional-flow stitching of the
two FOVs, where the NRMSE,, of the reference data points and the best-
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Fig. 4. FOV locations (in light purple) on the PIV measurement planes, with (a) showing FOV1~9 covering the center vertical plane across the buildings, and (b)
showing FOV10 and FOV11 on 173 mm and FOV12 and FOV13 on 128 mm above the ground. The flow fields in FOVs are shown using the contour plots of U fields.
(For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 5. Contour plots of U and W on the merged FOV2 and FOV6 plane. (a) Stitched results using the regional-flow stitching method with the reference window
marked in black, and (b) stitched results using the reference method with the stitched line marked in black.

matched data points is 3.87%. Fig. 5b shows the stitched results using
the reference stitching method (refer to Appendix A). The translation
distance is determined to be 350.7286 mm using the region-flow
stitching, which is the same obtained from the reference stitching
method and close to the recorded value from the traverse system (350
mm with an accuracy of 1 mm). This shows that both regional-flow and
linear-flow stitching give similar results and can be applied to merge PIV
data.

Our method is designed for experiments measuring the atmospheric
turbulent flow. In the urban canopy layer (UCL) and roughness sub-layer
(RSL), turbulence mainly depends on spatial characteristics [47]. In the
inertial sub-layer (ISL), turbulent fluxes can be mostly constant with
height, where the logarithmic wind laws can be applied [48,49]. In our
experiment, the overlap region is around 7%, covering Z = 350-361.71
mm. It is worth noting that this overlap ratio is not very important so
long as the overlap is in the flow having a prominent velocity gradient.
Comparing to flows in UCL, the velocity gradient is less dependent on
the urban morphology. The generated flow follows the logarithmic wind
laws in the overlap region. The NRMSE successfully characterizes the
velocity gradient and detects the best-matched window. For extreme
cases with uniform flow, velocity gradient might be not sufficient to
characterize the flow. If other variables have conspicuous variations and
dominant characteristics, improvements of Eq. (2) and Eq. (3) are
expected.

4.2. Stitching horizontal stereo-measurements

Stitching is also applied on the horizontal stereo-measurements (U, V
and W) in neighboring FOVs 10-11 and 12-13. Fig. 6 shows the contour
plots of stream-, span- and vertical time-averaged velocity in the two
street canyons for the regional-flow stitching method. On the horizontal
measurement plane, the FOVs are translated towards the y-axis direc-
tion. The reference window contains 10 x 30 data points, with is
roughly 2.77% of the number of overlapping points, higher than the
value of 2% mentioned in section 2.2. The best-matched result is ob-
tained with a NRMSE of 4.80%. The white lines separate different FOVs.
The results show smooth transitions of the velocity components (U, V
and W) among neighboring FOVs.

4.3. Use of time-averaged flow field data

In our proposed stitching method, we use time-averaged flow field
data ensuring adequate accuracy and resolution. The first reason to use
time-averaged flow field data for stitching is to eliminate errors
appearing in time-dependent PIV measurement. Non-uniform laser in-
tensity profile and surface reflections may lead to local erroneous light
intrusion in particle images [50,51]. Time-averaging allows to largely
eliminate these local errors appearing in the PIV images. Secondly, we
note that time-averaged flow still reflects the main characteristics of
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Fig. 6. Contour plots of the merged data in the horizontal measurement plane on the roof level, with (a) showing U, (b) showing V and (c) showing W. On each
subplot, the left plot represents the results for the upstream flat canyon and the right plot represents the results for the downstream steep canyon.

urban flows, such as a logarithmic wind law, shear layers and recircu-
lation zones in urban structures [52]. This type of time-averaged flow
matching was also proved to be effective in the literature [35], where
ensemble-averaged FOVs were stitched.

The uncertainty analysis shows that an adequate number of samples
is necessary for averaging. The resolution of our stitching method de-
pends on the interval between two neighboring data points or between
two neighboring matching windows (the possible matching window
moves at this interval to find the best-matched window). A smaller
interrogation window containing fewer pixels or using high overlap (e.g.
75%) in particle images cross-correlation processing could effectively
help achieve higher resolution in stitching.

4.4. Location and size of reference window in two-dimensional stitching

Compared to the reference method (at-line-flow stitching), which
considers the velocity similarity in only one dimension (1D), our 2D
stitching method evaluates the flow similarity of the velocity profiles in
both directions. In the ISL, normally 2-5H above the ground, the tur-
bulence is homogeneous and fluxes vary very little with height [53-55].
In contrast, in the urban canopy layer, within 1H (reference building
height) from the ground, the flow and turbulence are spatially varying a

lot (e.g. in shear layers). Vorticity is recommended to be used as a flow
indicator when velocity gradients over the stitching region are not too
large. The out-of-plane vorticity detects the microscopic rotations at any
location of fluid [43]. It can sufficiently detect the vortex structures of
the turbulent fluids. For the upper part of ISL, where the flows receive
little influence from building models, the flows have little variance in
streamwise, and following the logarithm law in the vertical direction.
Therefore, only vertical stitching is necessary. And we could select the
RW with other flow indicators, for instance, velocity gradient in the
vertical direction. In our application of the stitching method, the overlap
regions are sufficiently above the urban canopy layer and near the ISL, at
around 2.7H above the ground.

We showed above that we can effectively stitch the flow fields using a
2D reference window with a size of 10 x 30 reference data points. In
section 2.2, it was mentioned that more than 2% of overlapping data
points are expected to be used as reference data points. We also mention
that a larger reference window will lead to faster computation. How-
ever, the size of the reference window is restricted, so the RW remains
inside the overlap region. Fig. 7 shows the NRMSE versus iterations for
MWSs moving in space, with a size of 10 x 30 and 10 x 60 reference data
points, respectively. As the moving MW approaches the best matching
with the reference window, the NRMSE follows a decreasing trend until
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Fig. 7. NRMSE versus the number of iteration (NI) during the stitching of FOV2
and FOV6 using the regional-flow stitching method. The minimum NRMSE
happens with the best-matched windows. (a) Represents the result for stitching
with 10 x 30 reference data points and (b) represents the result for stitching
with 10 x 60 reference data points. RW represents the reference window and
MW represents the possible matching window. The upper right graphs show the
variation of the NRMSE during the whole matching process.

the best-matched window is found. When the MW moves away from the
best matching with the reference window and mismatching increases,
the NRMSE gradually increases. It is clear that for the large RW (Fig. 7b)
fewer iterations are needed, which significantly reduces the needed
computational power. The size of RW should be large enough to better
capture the flow characteristics. Larger RW can also save computational
costs. In practice, it is preferable to select a larger reference window
containing more reference data points, as long as the reference window
is limited within the overlap area.

4.5. Evaluation of the stitching performances

The processing efficiency and effectiveness of the stitching method
are evaluated in this section. The test is carried out using a workstation
with 8 cores, 16 processors (Intel(R) Core(TM) i9-9880H CPU @ 2.30
GHz). From Table 1, the processing time of regional-flow stitching is less
than 46% of the processing time of the reference method. The reason is

Table 1
Comparison of the processing time.
2 FOVs 4 FOVs 8 FOVs
Regional-flow stitching (t) 2.59s 4.56 s 9.23s
Reference method (t*) 5.89s 10.33 s 20.43 s
t/t* 43.97% 44.14% 45.18%
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that the selection of the size of the reference window allows matching
more reference data points at once, instead of matching some discrete
data points at a line. Fewer iterations are required in the regional-flow
stitching, therefore, results in less time. In terms of effectiveness, the
proposed method achieves a resolution of 1.2848 mm which is the
spatial interval of neighboring data points in both directions determined
by the size and overlapping ratio of interrogation windows. The spatial
resolution can be further improved by increasing data points in FOVs
directly (using a smaller interrogation window) or indirectly (using a
higher overlapping ratio in cross-correlation) in particle images cross-
correlations. A higher overlapping ratio results in more interrogation
windows and hence more data points for a given FOV, allowing the MW
to traverse at a greater spatial resolution.

4.6. Coordination reconstruction and visualization

The reconstructed ensemble dataset is stored in a format readable in
ParaView [56] with 3D dimensional information. We mention that
importing an ensemble flow field is much faster than importing FOVs
separately. This means that postprocessing computations and analysis
are much faster and easier with our stitched data in ParaView. Together
with the building models, the measurement data can be visualized in 3D.
An example of the visualization is shown in Fig. 8. The horizontal planes
and the vertical plane are integrated with the geometry of building
models. The flow structures and the interactions with building geome-
tries can be clearly observed in any perspective view, which gives a
comprehensive view of the large-scale flow around the urban area. The
flows are well-presented at a high level of spatial resolution. More
detailed observations and analyses are possible for the local flows
around the building structures.

5. Conclusions

This work proposes an effective solution to the multi-FOV PIV
(multiple field-of-view, particle image velocimetry) data stitching and
processing. A workflow is summarized, from the raw particle image data
to an ensemble reconstructed dataset for subsequent data analysis and
visualization in ParaView. A fast physics-based stitching algorithm is
developed and implemented in Python and verified using wind tunnel
measurement data. The algorithm is designed to stitch turbulent flows in
atmospheric conditions. The tests are performed in the UCL and lower
ISL, the results of which prove that the method can detect the flow
similarity in different FOVs measuring an urban wind field.

Our stitching method, regional-flow stitching, can diagnose and
analyze the flow characteristics to identify the flow similarity in multi-
ple FOVs. It detects the best-matched points between neighboring field-
of-views of flow within a vorticity-based 2D reference window. The
spatial resolution of the proposed stitching method is at the level of the
distance between two neighboring data points. The wind tunnel PIV data

Fig. 8. One example of visualization of reconstructed U of the vertical and
horizontal flow fields at one single timestep. The ensembled field includes 13
FOVs in total.
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from both planar and stereo measurements are used for the verification
of thirteen FOVs. The stitching performance may be further improved by
matching other flow characteristics and using an optimized reference
window size.

Our method contributes to fast data processing of wind or water
tunnel PIV measurements of urban wind fields involving multi-FOVs.
Comparing to the current practices, the proposed method requires less
effort in spatial calibration, less spatial overlap and is applicable to both
synchronous and non-synchronous PIV measurements. Moreover, the
method is a data-driven method, which provides more flexibility in post-
processing. The 3D visualization of a new ensemble flow field with the
building models facilities detailed analyses of large-scale urban flows.
The stitching and visualization methods encourage the application of
multi-FOV measurements to expand the domain of interest in experi-
mental studies with the increased use of cameras and recording loca-
tions. The expanded spatial coverage and high resolution in PIV
measurements potentially enable more possibilities in optimizing urban
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scale microclimate designs.
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Appendix A. Reference method: at-line-flow stitching

The at-line-flow stitching method is a straightforward solution to stitch flow fields, which is used as a reference method in section 4. The main idea
of this stitching method is to select a reference line (RL) in the overlap region on one of the FOV (FOV A). And we find another line in the other FOV
(FOV B) that matches the velocity profile with the reference one (Fig. A.1). This method is inspired by the characteristics of 1D spatial variations of the
time-averaged streamwise velocity U and time-averaged vertical velocity W. After we find the best-matched line, the translation distance is therefore
determined. Since the velocity in the incoming flow direction (U) as the dominant parameter, the data matching and comparison are conducted with
the U field. In practice, if other variables have conspicuous variations and dominant characteristics along the axes, the U might be replaced. The
matching process also allows certain tolerance (¢), which should be set according to the actual measurement setup, normally below 5%. The stitching
process could be summarized in the following steps, assuming that the FOV A and FOV B are overlapping along the z-axis.

FOV A

RP3

0= RL — FOV AB

4

: Best-matched!

v MP3s >

yO— ML
g

—_—0 =
— 0
-

Fig. A.1. Stitching process of the reference method. The demonstration uses the flow field data from planar PIV measurements. RP denotes reference point and MP
denotes matched points. RL represents the reference line and ML represents the possible matching line.

1) Select the RL in roughly the middle of the overlap region of FOV A, which is to ensure our reference line being within the overlapping area. And then, select the
center data point of the line as the first reference point (RP1).

2) Match the first reference point (RP1) with all the points in the FOV B. With a certain tolerance (¢), we may obtain several matched points (MP1s) that match with
the reference point (RP1), by Eq A.1.

(A1)

Urpt — Uyp1 | < = 0-Upp:

where Ugp; denotes the streamwise velocity of the RPland Wrp; denotes the streamwise velocity of the MP1. ¢ represents the matching tolerance.
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3) Select the point (RP2) on the right of the first reference point as the second reference point. Match the RP2 with the points on the right of the first
matched points, by Eq A.2. Fewer matched points (MP2s) are matched this time.

Urpr — Uppp| < = 6-Urpm (A.2)

4) Iterate step 3) with the third reference point (RP3) on the right of the matched points. Continue the iterations until the minimum possible matching
lines (MLs) are left.
5) The NRMSE of RL and MLs is estimated using Eq A.3, according to the literature [44,45].

W = Wi
F

£1 x 100 (A.3)

N (]Te - T
NRMSE = (7)

)\

=

F F

where Ug;, and Uy, denotes the streamwise velocity arrays of the points on RL and ML, and W, and W), denotes the vertical (height) direction
velocity arrays of the points on RL and ML.

6) Select the one with the minimum NRMSE as the best-matched line. And calculate the translation distances according to the coordination of the
reference line and matched line.

7) Conduct the same matching process to the points to the left to check the accuracy and other possibilities. Stitch the best-matched line with the
reference line.

Appendix B. Data and script management

Python scripts for the proposed stitching method along with the data reconstruction scripts are publicly available in GitHub [41]. The mea-
surement data used for method verification are available upon request.
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