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SUMMARY::

RANS and LES are two types of simulations often used to evaluate wind around buildings. However, although RANS
is computationally inexpensive, it has accuracy issues, while LES is more accurate but at greater computation cost. In
order to resolve this problem, the authors developed a machine learning model that uses numerical results from
RANS as input to output numerical results from LES. It was confirmed that a model with only the building geometry
as input could predict mean wind velocity as well as RANS, and the model using RANS results as input in addition to
the building geometry further improved the prediction accuracy, reducing the error compared with RANS by about
30%. For the latter model, we also evaluated the accuracy of the model using benchmarks in the CFD field and
showed that it reduced the error for RANS.
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1. INTRODUCTION

Since wind always occurs around large structures such as high-rise buildings, it is important to
investigate the wind environment around the structure in advance using wind tunnel experiments
and computational fluid dynamics (CFD) to develop a design plan that does not worsen the wind
environment. In the early stages of design, average wind fields obtained by Reynolds-averaged
Navier-Stokes Simulations (RANS) are often used to investigate the wind environment for various
design alternatives. RANS has a low computational cost, but its predictions are not as accurate as
Large-Eddy Simulations (LES), which are more computationally demanding. Therefore, the
development of wind environment prediction methods that combine swift calculation with accurate
predictions have long been sought.

Recently, there has been concerted research in the field of CFD by utilizing the results of machine
learning. For example, a study has been conducted to predict steady-state flow around an object
by studying the CFD results with a convolutional neural network," and a similar method has been
applied to wind environment prediction around a building.? In these studies, only the shape of the
object, or the shape of the object and the wind direction, were input into the machine learning
model.



While it is beneficial to be able to quickly predict the wind environment based on shape alone, it
would be very practical if more accurate predictions could be obtained with RANS-like
computational complexity, assuming that such results can be used for more accurate studies. In
this paper, we propose a method to improve the prediction accuracy of machine learning by adding
RANS results as inputs for predicting the wind environment around buildings and report the results
of applying this method to the prediction of wind speed fields around city blocks.

2. MODEL AND DATA

In this paper, the machine learning model into which the height, building shape, wind direction,
distance from the building of the horizontal plane to be predicted, building height, and
information near to the horizontal plane is input, is called Model A. Meanwhile, the one that
inputs the results from the RANS wind speed 3-component calculations in addition to the inputs
for Model A is called Model B. The supervised data are the results of the calculations of the
three components of the average wind speed in LES. U-Net++,% a type of convolutional neural
network (CNN), was used as the machine learning method.

The data used for machine learning were the results of calculations for the three city blocks
shown in Figure 1, for RANS and LES, respectively. The calculations were performed on a
1/400-scale model that reproduced the wind tunnel experiments. The computational mesh with
Octree mesh method ¥ is the same for both RANS and LES, with approximately 50 million
elements. For RANS and LES calculation, Helyx -3.4.0 was used . The standard k-¢ model was
adopted for RANS and Second order upwind scheme was applied for the convective term, while
second order central scheme was applied for the diffusion term. Wall-Adaptive Local Eddy
(WALE) model ” was as the sub-grid scale (SGS) model for LES. WALE model constant Cw =
0.39. Other LES calculation conditions were same with previous literature®. The wind direction
angle was calculated for 16 directions, rotating from 0 to 360 degrees in 22.5-degree increments.
The data representing the RANS and LES results were created by linear interpolation from the
city block area indicated by the red box in Figure 1 to an area of the same dimensions with 769 x
769 x 399 cells in the X, Y, and Z directions. Each divided cell has as its component the time-
averaged wind speed in the X, Y, and Z directions. The data representing the building shape
were 3-dimensional data of 769 x 769 x 399, with the building occupancy in each cell as a
component. For training, these data were sliced in the XY-plane and further trimmed to 512 x
512 in the center of the city block to create 2-D data. As for the division of the data for training
and testing, the three city blocks calculated for 67.5 degrees out of 16 wind directions were used
only as test data, and the others were used only for training.

3. RESULTS AND DISCUSSION
We used Euclidean distanced (v, #), hit rate, and FAC2 as accuracy indices. Let v = (vy, v,, v3)
be the wind velocity vectors resulting from the reference LES calculation and © = (9,, U,, U'3) be
the wind velocity vectors to compare, and let the Euclidean distance be

d(v,?) = \/(771 —01)2 4+ (v, — U,)% + (v3 — D3)2. (1)
The hit rate and FAC2 were calculated by comparing the scalar values of the wind speed vectors
for each cell with respect to the data for one wind direction, with the true value v being the result
of the LES results.
Table 1 shows the average values of the accuracy indices for each model over the entire test data.




Table 1. Average accuracy of test data
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) Model A | Model B RANS
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i distance
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P o FAC2 0.965 0.982 0.972
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Fig 1. Example of analysis area and city blocks in CFD

The smaller the Euclidean distance or the closer the hit rate or FAC2 value is to 1, the better the model
can be considered to reproduce the LES calculation results. The average value of the accuracy index for
each height is plotted for city block (2) in the test data as shown in Figure 2.

Table 1 shows that Model A is able to predict the LES as close to RANS as possible, and the same
tendency as in the case of a single building in the previous report can be seen. However, a
comparison of Model A and RANS in Figure 2 shows that Model A has a problem with prediction
accuracy in the mid- and low-rise areas compared to RANS. This is due to the fact that Model A
is not able to cope with the complexity of the flow field of the city block in the relevant area, and
it is considered necessary to increase the types of city blocks to be trained in order to improve the
generality of the model. As shown in Table 1, Model B improves on the Euclidean distance of
RANS by about 33%. Furthermore, a comparison of Model B and RANS in Figure 2 shows that
Model B performs better than RANS across all indices at all heights. However, the accuracy for
the low-rise area tends to be lower than that for the high-rise area. This can be attributed to the
complex flow field formed by the city blocks, as well as the fact that the RANS results themselves
have larger errors in the low-rise portion of the model.

An example of scalar wind speed contours in the case of city block (3) for the test data in each
model is shown in Figure 3. Here, the distribution of wind speed ratios is shown, standardized by
the inflow wind speed within the XY cross-section at a height of around 6 m. Overall, both Model
A and Model B have contour plots similar to LES and RANS.

Figure 4 shows the distribution of Euclidean distances between the LES and the velocity vectors
of each model at heights of around 6 m and 40 m. It can be seen that Model B corrects for RANS
errors within the red dotted line in the LES-RANS distribution at around 6 m and around the corner
of the building. Comparing the contour maps around 40 m in Figure 4, Model B shows
improvements in the separation caused by the building and in the backwaters, indicating that
machine learning tends to improve the flow field, which RANS is not good at.
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Fig 2. Comparison of average accuracy indices for each height
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4. CONCLUSION

In this paper, we develop a new machine learning model that takes into account height direction
information, wind direction, and reports the results of accuracy verification. The model achieved,
on average, the same accuracy as RANS for inputs of shape, height, wind direction, and other
information, indicating that the model can predict qualitative flow fields. The quantitative results
showed that the RANS error can be corrected when RANS results are also input. This shows that
this technique has the potential to predict the mean wind field close to LES accuracy when using
RANS results, even for when complex flow fields can occur, such as in city blocks.
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