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Abstract
The sky view factor (SVF) that represents the fraction of visible sky on a hemisphere or the percentage of
radiation reaching the planar ground in the entire hemisphere’s input radiation is an important parameter
for urban climate studies. However, the estimation of a continuous SVF map is very time-consuming,
which limits the applications of SVF to small geographical areas. This study proposed to use graphics
processing unit (GPU) parallel computing to accelerate the computing of SVF in the city of Philadelphia,
Pennsylvania, USA. This study implemented and compared both the GPU-accelerated version and regular
CPU version of two major methods for estimating continuous SVF maps, ray tracing-based algorithm and
shadow casting-based algorithm based on the high-resolution building height model. Results show that
the GPU-accelerated algorithms can reduce the time consumption dramatically and estimate the SVF
map for the city of Philadelphia in less than 20 minutes on a personal computer with one NVIDIA GPU.
The ray tracing-based algorithm has a much more e�ciency increase than the shadow casting-based
algorithm on GPU. The proposed method makes it possible to generate large-scale continuous SVF maps
using regular personal computers with GPU. The proposed GPU-accelerated SVF estimation methods
would bene�t urban climate studies.

1. Introduction
As an important parameter of the urban geometry, the sky view factor (SVF) is a dimensionless parameter
that describes the fraction of visible sky on a hemisphere (Hämmerle et al., 2011; Oke, 1981). The SVF
also represents the proportion of the incoming solar radiation without being obstructed from the entire
upper hemisphere (Li et al., 2018; Oke, 1981; Watson and Johnson, 1987). The value of SVF ranges from
0 to 1, which indicates the sky is totally obstructed and unobstructed, respectively. The SVF has been
widely applied in urban microclimate modeling, urban forestry, urban morphology, and urban air pollution
studies (Dirksen et al., 2019; Eeftens et al., 2013; Li et al., 2018a; Li et al., 2017; Li and Ratti, 2019; Gong et
al., 2018).

The hemispherical image based photographic method is one of the standard methods for SVF estimation
(Anderson, 1964; Steyn, 1980). In the photographic method, the hemispherical image is used to represent
the projected hemisphere on a two-dimensional �at plane, and the SVF is estimated by dividing the
hemispherical image in to annuli and calculating the sum of all sky fractions in all annuli (Steyn, 1980; Li
et al., 2018). Since the hemispherical images cover all kinds of obstructions in the street canyons, such
as buildings, tree canopies, and other streetscape features, an accurate SVF estimation can be achieved
(Li et al., 2018). What is more, the hemispherical images usually need to be taken in time-consuming and
labor-intensive �eld surveys, which limits the application of photographic method to small geographical
areas.

Recently, the massively collected geo-tagged street-level images have been introduced in mapping the
SVF based on image transformation and segmentation (Carrasco-Hernandez et al., 2015; Gong et al.,
2018; Li et al., 2017; Li et al., 2018; Liang et al., 2016; Middel et al., 2017; Middel et al., 2018). In the
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proposed methods, the street-level images were geometrically transformed to hemispherical images,
which were then used to calculate the SVF. In addition, the different types of streetscape features covered
in street-level images were able to be more objectively identi�ed in street canyons. The recent
applications of deep learning algorithms to street-level images made it possible to precisely estimate SVF
by accurately recognizing different streetscape features (Gong et al., 2018; Li et al., 2018b; Middel et al.,
2019). This street-level image-based method is generalizable and scalable for generating the street-level
SVF map because of the globally available and publicly accessible street-level images, such as those
provided by Google, Baidu, Mapillary, etc. Although the street-level image-based method makes the
automatic calculation of the SVF possible, the method is only suitable for mapping the SVF for street
centerlines, where the street-level images were collected. However, the street-level image-based method is
not suitable to generate the SVF map for those areas with no street-level images available. In addition, the
image segmentation in the street-level image-based method is time-consuming for large scale SVF
mapping.

The simulation method based on the building height model provides a general and automatic tool to
estimate continuous SVF maps (Ratti and Richens, 1999; Ratti and Richens, 2004; Lindberg and
Grimmond, 2010). The ray tracing-based algorithm is the most straightforward and accurate method to
compute the SVF based on the building height model. By radiating light from each pixel to the
surrounding environment and examining the obstructions in searching range, the ray tracing-based
algorithm can accurately simulate all obstructions around each pixel. However, the ray tracing-based
algorithm is time-consuming to calculate SVF for a large number of pixels. Practically the ray tracing-
based algorithm is impossible to generate the continuous SVF map for a relatively large area (Ratti and
Richens, 1999). Ratti and Richens (1999) proposed a shadow casting-based method, which is much more
e�cient than the ray tracing-based method. Different from the pixel-wise ray tracing-based algorithm, the
shadow casting-based method is based on the simulation of sun positions in the upper hemisphere, and
the SVF is estimated by accumulating the shadow casting maps for different sun positions. Lindberg and
Grimmond (2010) further modi�ed the shadow casting-based algorithm by reducing the number of
simulated sun positions to increase the e�ciency of SVF mapping. The modi�ed shadow casting-based
algorithm increases the e�ciency and makes city-scale analyses possible (Lindberg et al., 2018).
Although the shadow casting-based method increases the e�ciency signi�cantly, it stills takes days or
even longer for high performance computers to generate the SVF map for a relatively large geographic
area. To solve this problem, cloud computing has been applied for SVF mapping for large geographic
areas (Dirksen et al., 2019), but it is still time-consuming and expensive for many users.

In this study, we propose to use GPU parallel computing to generate the SVF map based on the high-
resolution digital surface model. Since most operations in computing SVF are parallelable, it is possible
to use the graphics processing unit (GPU) that has a parallel structure and a large number of cores to
compute the SVF parallelly and e�ciently. NVIDIA’s PyCUDA computing framework was used to access
the GPU CUDA (Compute Uni�ed Device Architecture) by combining Python and C programming to
accelerate the computation of SVF. As GPUs become available for more and more personal computers,



Page 4/17

this proposed method will greatly bene�t users in generating SVF maps e�ciently on personal computers
instead of relying on high performance computing.

2. Methodology
2.1. Study area and data preparation

The study area is the City of Philadelphia (Pennsylvania, USA) with a total land area of 369.59 km2 (Fig.
1). To simulate the obstructions of building blocks in computing the SVF, a building height model was
created by overlaying the building footprint map and the normalized digital surface model (DSM). The
building footprint map was extracted from the most recent land cover map (Fig. 1(a, c)), which is derived
from multispectral aerial images and LiDAR data with the spatial resolution of 1 meter and provided on
Pennsylvania Spatial Data Access Portal (https://www.pasda.psu.edu/). The normalized DSM was
generated from the LiDAR data cloud point that is in form of pre-processed x, y, z points cloud �les in the
study area (Fig. 1(b)).

2.2. Algorithms for computing the sky view factor

The sky view factor (SVF) was calculated in two different ways: the ray tracing and the shadow casting-
based algorithms (Fig. 2).

In the ray tracing-based algorithm (Fig. 2b), for each pixel, the largest obstruction angles at different
azimuth directions (βα) from 0 to 359° in the surrounding pixels was calculated as,

where Hα,iis the height of ith pixel from the origin pixel in the building height model at the azimuth
direction of α, Dα,i is the distance to the origin pixel, and n is the searching radius. Then the SVF value for
the pixel can be calculated as (Gal et al., 2009):

Different from the pixel-wise ray tracing-based algorithm, the shadow casting-based algorithm calculates
the shadow distributions cast by building blocks at a number of random sun positions (sun elevation and
sun azimuth angles) that simulate the solar radiation from the upper hemisphere (Ratti and Richens,
1999, 2004). A continuous SVF map was then generated by averaging all those shadow maps in a
cosine-weighted manner. Fig. 2 (c) shows the process of shadow casting-based algorithm method for
computing the SVF. Following Lindberg and Grimmond (2010), in this study, the sun positions were

https://www.pasda.psu.edu/
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uniformly spread to reduce the number of sun positions in the shadow casting method, which were
proved to generate the same level of accuracy and increase the e�ciency of the shadow casting-based
SVF estimation algorithm.

2.3. GPU-accelerated algorithms for sky view factor mapping

Taking advantage of PyCUDA’s high e�ciency in GPU-accelerated parallel algorithm development, the
GPU-accelerated ray tracing-based algorithm and the shadow casting-based algorithm were implemented
in the PyCUDA framework using Python and C programming languages with Python script used to
manipulate the geospatial information and the C code used to implement the pixel level operations. As a
comparison, the two SVF algorithms were also implemented and run in Python script with regular CPU.
Fig. 3 shows GPU-based and CPU-based computational models of the two SVF algorithms.

The building height model for the whole study area is too large to compute SVF map at once. Therefore,
the building height model of the study area was split into smaller tiles. The SVF computing algorithms
were then run on those smaller tiles. To solve the manual shadow effects on the edges of tiles due to
abrupt change on borders caused by splitting, a buffer zone with the buffer distance of 150m was added
to the top, left, right and down directions for each tile (Fig. 4). Those buffered zones were removed in later
mosaicking to generate the SVF map for the whole study area.

3. Experiments And Results
This study veri�ed the e�ciencies of different algorithms for computing SVF on an Ubuntu Linux
computer with 16G memory, Intel Core (TM) i3-4170 CPU, and an NVIDIA GeForce GTX 1060 6GB GPU.
The building height model of the study area was split into tiles of different sizes, 1000×1000, 2000×2000,
4000×4000, and 6000×6000 to examine the performances of different algorithms on different tile sizes.
In comparison, the GPU-based shadow casting and ray tracing algorithms need much less time to
generate the continuous SVF map than the CPU-based shadow casting algorithm with tiles of 1000×1000
and 2000×2000 (Fig. 5). The CPU-based ray tracing algorithm took too much time to be plotted at the
same scale with other three algorithms in Fig. 5. The CPU-based shadow casting algorithm runs out of
memory for tiles of 4000×4000 and 6000×6000 (Table 1), and the calculating time is supposed to be
much longer than the GPU-based shadow casting and ray tracing algorithms.

Table 1 presents the detailed time consumption for different algorithms on different tile sizes. On
average, the CPU-based ray tracing algorithm needs 0.38 seconds for one pixel. Therefore, for a tile of
1000×1000, the total time needed to generate a continuous SVF map of 1000×1000 is estimated to be
105.58 hours, and the time consumption for larger tiles increases. The GPU-based ray tracing algorithm is
more than 400,000 times faster than the CPU based ray tracing algorithm, and the GPU-based shadow
casting algorithm is more than 100 times faster than the CPU-based shadow casting algorithm. Although
the CPU-based shadow casting algorithm is much more e�cient than the CPU-based ray tracing
algorithm, using GPU parallel computing, the ray tracing-based algorithm becomes 3 times faster than
the shadow casting-based algorithm.
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This study also compared the total time consumption to generate the SVF map of the study area using
different algorithms. To increase the computational e�ciency, this study only run algorithms on those
tiles that intersect the study area. Table 2 presents the minimum tile numbers to cover the whole study
area at different tile sizes. The total time consumption of different algorithms for generating the SVF map
of the whole study area is the multiplication of the tile numbers and the time consumption for each tile.
Table 2 lists the total time consumption of different algorithms for creating the continuous SVF map of
Philadelphia. By setting the tile size as 2000×2000, the total time needed to generate the SVF map of the
study area is as low as 0.32 hours (19.2 minutes). The total time consumption of SVF mapping in the
study area generally decreases as tiles size increases, which means increasing the tile size helps to
reduce the time consumption, while larger tiles also need more memory. The time consumption is lowest
when the tile size was set as 2000×2000, because of the relatively small number of required tiles to cover
the whole study area when the tile size is 2000×2000, while the number of required tiles is impacted by
the combination of tiles size and the shape of the study area.

Fig. 6 shows the spatial distributions of the SVF at the pixel level (Fig. 6(a)) and the aggregated census
tract level by the mean value (Fig. 6(b)) in the study area. Since only the building height model was used
to generate the SVF map, therefore, the SVF maps indicate the obstruction of building blocks only. It can
be seen clearly that the downtown area with most of the high-rise buildings in Philadelphia has the lowest
SVF values, while the periphery parts of the study areas have larger SVF values. For those areas with no
building blocks, the SVF values are close to 1, which indicates no obstruction by building blocks.

4. Discussion
A �ne level sky view factor (SVF) map is important for us to model the solar radiation �uxes, understand
the impacts of urban form on the urban microclimate, study the spatial pattern of urban heat islands, and
investigate human heat exposure and public health (Gong et al., 2018; Li et al., 2018a; Dirksen et al., 2019;
Yuan and Chen, 2011). However, the SVF mapping is usually very time-consuming, which blocks large
scale urban environmental analyses. This study proposed to use graphics processing unit (GPU)
accelerated parallel computing to generate continuous SVF maps based on a high spatial resolution
building height model generated from multispectral remotely sensed imageries and LiDAR data. The
results show that the GPU parallel computing increase the computational e�ciency for SVF computing
dramatically, which makes the continuous SVF mapping possible at city scale on personal computers.
Compared with previous algorithms that need days or longer on high performance computers, the GPU-
accelerated algorithm only needs less than 20 minutes to estimate the SVF map for Philadelphia on a
personal computer with a GPU device. Since the SVF is an important parameter of urban form, the
proposed GPU-accelerated algorithms for the SVF estimation would bene�t all those studies related to
SVF and scale up the case studies to a larger geographic scale. With the high-resolution building height
model becomes more accessible, the proposed method is generalizable for other study areas, which
would bene�t �ne-scale urban climate modeling and the urban form quanti�cation.
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This study compared the e�ciencies of different GPU-accelerated algorithms for SVF mapping. Although
the shadow casting-based algorithm has been proved much faster than the ray tracing-based algorithm
for SVF mapping using CPU-based computing framework, in GPU computing framework, GPU-accelerated
ray tracing algorithm is about 3 times faster than the shadow casting algorithm. This is because the ray-
tracing algorithm is more parallelable compared with the shadow casting-based method in terms of pixel-
level operations, which makes the computational capacity of GPU been fully utilized in the GPU-based
ray-tracing algorithm.

This study also investigated the impacts of splitting tile sizes on the computational e�ciencies of
different algorithms. Generally, increasing the tile size would help to increase the e�ciency, while a larger
tile size would also require larger memory. The shape of the study would also impact the e�ciency
because the shape of the study area would impact the number of minimum tiles to cover the whole study
area. In addition, the GPU cores and the number of GPUs would also impact the optimized con�guration
for computing SVF.

Although this study showed the e�ciency improvement of GPU-based parallel computing in estimating
SVF. There are still some limitations that need to be resolved in future studies. Firstly, this study used the
building height model to examine the computational e�ciency increase using the GPU based method,
without taking into consideration of the impact of tree canopies. Thus, the SVF map generated in this
study only represents the enclosure of urban space caused by building blocks. In cities, trees are also an
important obstruction of solar radiation and impact the SVF on the ground. Therefore, future studies
should also incorporate the tree canopy height model in estimating the SVF. Since the proposed GPU-
accelerated algorithm is scalable and generalizable, new SVF maps with considering the tree canopy map
can be generated with the same level of e�ciency.

In this study, only one GPU was used on a regular personal computer with a memory of 16G to compute
the SVF map. The e�ciency increase is also impacted by the total number of tiles and the GPU
con�guration. This study shows that even a lower-level GPU device would increase the e�ciency
dramatically, which makes the large scale SVF mapping possible on personal computers. Future studies
should also explore to optimize the con�guration in order to achieve maximum e�ciency with
consideration of the number of GPU cores, the memory limit, and tile size and numbers.

In addition, �ne level urban microclimate modeling requires a lot of highly parallelable pixel-level
operations. Therefore, other than mapping the SVF, future studies should explore how to accelerate other
procedures in the urban microclimate modeling in order to better model the dynamic urban thermal
comfort.

5. Conclusion
This study proposed to use GPU-based parallel computing for estimating the sky view factor map (SVF)
in Philadelphia. Compared with the CPU-based algorithms for SVF mapping that needs days or longer, the
proposed method needs less than 20 minutes for mapping the SVF for the city of Philadelphia on a
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personal computer with only one GPU. The GPU-accelerated parallel computing increases the
computational e�ciency dramatically compared with the traditional CPU based algorithms for SVF
mapping. In the GPU computational framework, the more straightforward ray tracing-based algorithm is
three times faster than the shadow casting-based algorithm for estimating SVF. The proposed method
makes it possible to do large scale urban form analysis on a personal computer with GPU devices
without relying on high performance computers, which would bene�t urban microclimate studies at large
scales signi�cantly.
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Tables
Table 1. The time consumptions of different algorithms for generating continuous sky view factor maps
for different tile sizes.
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Algorithms   Time consumption

  Tiles 1000×1000

(0.6×0.6 km2)

2000×2000

(1.2×1.2 km2)

4000×4000

(2.4×2.4 km2)

6000×6000

(3.6×3.6 km2)

CPU ray tracing   105.6 h 422.3 h 1689.3 h 3801.0 h

CPU shadow casting   321.90 s 1543.17 s Out of memory Out of memory

GPU ray tracing   1.12 s 3.85 s 16.72 s 36.92 s

GPU shadow casting   3.03 s 13.19 s 55.56 s 128.20 s

Table 2. Total time consumptions of different algorithms for generating a continuous SVF map of
Philadelphia

Algorithms   Time consumption

  Tiles
numbers

1076

(1000×100)

297

(2000×2000)

84

(4000×4000)

32

(6000×6000)

CPU ray tracing   4734.4
days

5226.0 days 5912.5 days 5068 days

CPU shadow
casting

  96 h 127.31 h Out of
memory

Out of
memory

GPU ray tracing   0.54 h 0.32 h 0.39 h 0.33 h

GPU shadow
casting

  1.46 h 1.08 h 1.30 h 1.14 h

Figures
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Figure 1

The location and datasets of the study area, (a) the location and the land cover map of Philadelphia, (b)
the normalized digital surface model of the downtown Philadelphia, (c) the land cover in downtown
Philadelphia. Note: The designations employed and the presentation of the material on this map do not
imply the expression of any opinion whatsoever on the part of Research Square concerning the legal
status of any country, territory, city or area or of its authorities, or concerning the delimitation of its
frontiers or boundaries. This map has been provided by the authors.
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Figure 2

The ray tracing and the shadow casting algorithms for estimation of the sky view factor (SVF), (a) the
input building height model, (b) the ray tracing-based algorithm for SVF estimation, (c) the shadow
casting-based algorithm for SVF estimation.
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Figure 3

The CPU and GPU based computational models for computing the sky view factor (SVF) maps, (a) the
ray tracing-based algorithm for SVF estimation, (b) GPU and CPU models for pixel level operations, (c) the
shadow casting-based algorithm for SVF estimation.
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Figure 4

Splitting building height model of Philadelphia in tiles and adding a buffer of 150 m on left, right, top and
bottom to each tile avoiding mutual shadowing effects on the edge.
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Figure 5

The time consumptions of the SVF estimation using CPU and GPU versions of ray tracing algorithm and
shadow casting algorithm for different sizes of building height model tiles.
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Figure 6

The spatial distributions of the SVF in Philadelphia at the pixel level (a) and the aggregated by mean
value at the census tract level (b). Note: The designations employed and the presentation of the material
on this map do not imply the expression of any opinion whatsoever on the part of Research Square
concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.


