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A B S T R A C T   

Urban canyon classification plays an important role in analyzing the impact of urban canyon geometry on urban 
morphology and microclimates. Existing classification methods using aspect ratios require a large number of field 
surveys, which are often expensive and laborious. Moreover, it is difficult for these methods to handle the 
complex geometry of street canyons, which is often required by specific applications. To overcome these diffi-
culties, we develop a street canyon classification approach using publicly available Google Street View (GSV) 
images. Our method is inspired by the latest advances in deep multitask learning based on densely connected 
convolutional networks (DenseNets) and tailored for multiple street canyon classification, i.e., H=W-based (Level 
1), symmetry-based (Level 2), and complex-geometry-based (Level 3) classifications. We conducted a series of 
experiments to verify the proposed method. First, taking the Hong Kong area as an example, the method achieved 
an accuracy of 89.3%, 86.6%, and 86.1%, respectively for the three levels. Even using the field survey data as the 
ground truth, it gained approximately 80% for different levels. Then, we tested our pretrained model in five other 
cities and compared the results with traditional methods. The transferability and effectiveness of the scheme 
were demonstrated. Finally, to enrich the representation of more complicated street geometry, the approach can 
separately generate thematic maps of street canyons at multiple levels to better facilitate microclimatic studies in 
high-density built environments. The developed techniques for the classification and mapping of street canyons 
provide a cost-effective tool for studying the impact of complex and evolving urban canyon geometry on 
microclimate changes.   

1. Introduction 

With the acceleration of urbanization, the sustainable development 
of urban environments faces many challenges, such as the urban heat 
island effect [1], air quality deterioration [2], and urban greenway 
design [3]. Many of these challenges are closely related to prevailing 
high-rise, high-density residential and commercial development in 
downtown areas, which has made urban canyons, (also called street 
canyons), a growing concern over the past decade [4]. An example of a 
street canyon in the Hong Kong Island area is shown in Fig. 1. Re-
searchers have paid increasing attention to the impact of high-density 
built environments on microclimate conditions, including the local 
temperature, wind conditions, and air quality [5]. Street canyon 

classification based on its geometric features has become an important 
basis for microclimate research in high-density areas. 

Existing classification metrics of urban canyon geometry often 
depend on a range of factors such as the aspect ratio (AR) [6], the sky 
view factor [7] and the canyon orientation (e.g., north-south, east-west) 
[8]. Among them, the AR, which is the ratio of the canyon height (H) to 
the canyon width (W) AR ¼ H=W, is an important factor for charac-
terizing urban geometry. It has been used to classify street canyons into 
three basic categories (i.e., avenue canyons, regular canyons, and deep 
canyons) [9,10]. It was claimed in Ref. [6] that the generation of 
extreme thermal stress is closely related to various values of H=W. 
Different wind flow regimes in street canyons were defined in Ref. [11] 
based on H=W; in the increasing order of H=W, the roughness flow, wake 
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interference flow and skimming flow were isolated. 
Another classification metric of street canyons is based on the sym-

metry of street canyons, i.e., whether the heights of buildings on both 
sides of the street are similar. It was proposed in Ref. [12] that street 
canyon symmetry has an important influence on thermal comfort in 
urban street canyons. More recently, the effect of asymmetrical street H=
W on microclimates in hot, humid regions was studied in Ref. [13]. They 
claimed that asymmetric streets are better than low symmetric streets in 
terms of enhancing the wind flow and blocking solar radiation, espe-
cially when tall buildings confront the wind’s direction or solar alti-
tudes. In addition, more complex street canyons (e.g., intersections, 
viaduct bridges and acoustic barriers) can be classified according to the 
practical needs in various applications [14–16]. 

However, most existing classifications heavily rely on a large amount 
of field survey data, including buildings, roads and other infrastructure 
data, which is time consuming, labor intensive and costly. Moreover, it 
makes the rapid update of data difficult. In addition, these data are often 
not publicly available, which restricts research on the impact of street 
canyon geometry on the environment. With rapid advances in sensing 
and computing technologies, we have access to large, publicly available 
data and unprecedented computational resources. For example, Google 
Street View (GSV) images have been widely used in quantitative 
research of built-environment and urban landscapes. GSV images cover 
39 countries and approximately 3000 cities. This data source can be 
easily accessed by users with the Google map API [17]. In addition, GSV 
images can be updated frequently. More importantly, they contain 
detailed and actual information on urban landscapes, including the sky, 
trees, buildings and roads, which is valuable for urban canyon 
classification. 

Recent rapid advances in deep learning have further stimulated in-
terest in GSV image content analysis. The excellent performance of deep 
learning in many vision tasks, such as object recognition and image 
classification, has inspired a wide range of novel applications in other 
relevant domains, including geoscience and environmental engineering 
[18]. For instance, in Ref. [19], the authors demonstrated the feasibility 
of measuring sky, tree, and building view factors of street canyons based 
on deep learning and GSV images. In summary, this method demon-
strates great promise by leveraging the latest advances in deep learning 
to more effectively extract useful information from GSV images and 
potentially support urban canyon analysis and classification tasks. 

The aim of this study is to develop a GSV- and deep learning-based 
approach for street canyon classification and mapping in urban envi-
ronments. A classification hierarchy for street canyons is proposed in 
terms of three levels: H=W-based, symmetry-based and complex- 
geometry-based classification. Furthermore, a deep multitask learning 
model for street canyon classification (DMLM-SCC) was designed based 

on the proposed multitask model. In the experiment, we take the Hong 
Kong area as an example to demonstrate the effectiveness and trans-
ferability of the proposed DMLM-SCC model by comparing it with 
traditional methods. Furthermore, an additional experiment for five 
other cities was presented for validation. The results show that the 
proposed DMLM-SCC model is suitable for street canyon classification 
and can potentially be used in the study of the impact of complex and 
evolving urban canyon geometry on microclimate changes. 

2. Method 

In this section, we present the proposed DMLM-SCC scheme. We first 
introduce GSV image collection process. Then, a classification hierarchy 
for refining the classification of street canyons based on their geomet-
rical features from three levels is described. Finally, we present the 
multitask deep learning network for street canyon types prediction 
based on classification hierarchy. 

2.1. GSV data collection 

To construct a collection of classification maps with more variety of 
street canyon categories, we obtain the geospatial street vector data for a 
city from OpenStreetMap [20]. Point data with GPS coordinates are then 
generated by equally sampling the street vector data based on GIS 
software (e.g., ArcGIS). Finally, GSV images can be accessed and 
retrieved at each point location via the Google Map API, as the following 
example shows: https://maps.googleapis.com/maps/api/streetview/m 
etadata?size¼400x400&location¼LAT,LON&heading¼HE 
ADING&fov¼FOV&pitch¼PITCH&key¼APIKey. where LAT and LON 
are the latitude and longitude respectively, FOV determines the hori-
zontal field of view of the image, HEADING is to indicate the compass 
heading of the camera, PITCH specifies whether the upper and lower 
angle of the camera is relative to the street view vehicle, and the API Key 
verification request is the required credentials. 

This paper uses four street view images (i.e., heading ¼
0;90; 180;270) with FOV ¼ 120 and Pitch ¼ 0 from each point. This is 
because the four images are able to describe most of the information for 
street canyons in the scene. 

2.2. Classification hierarchy for street canyon 

This paper is devoted to the integration of existing street canyon 
classification metrics and proposes a classification method based on GSV 
images to refine the classification of street canyons. To achieve this goal, 
we designed a classification hierarchy for street canyons consisting of 
three levels, namely H=W-based (Level 1), symmetry-based (Level 2), 

Fig. 1. An example of street canyon in the Hong Kong Island area. (Source: Google Maps, 2017).  
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Fig. 2. A classification hierarchy for street canyon (note that traditional H=W-based approach is incorporated into Level 1 in our architecture).  

- Level 1: Street canyons are classified based on their H=W value at Level 1. They are divided into non-street canyons and street canyons. The former is mainly some 
of the GSV images taken in parks, at the seaside and in the suburbs. The latter mainly divides street canyons into four categories according to H= W (i.e., 0 < H=
W < 1, 1 < H=W < 2, 2 < H=W < 4, and H=W > 4). If a street canyon decision is reached at Level 1, the architecture continues to perform classification tasks at 
Level 2 and Level 3.  

- Level 2: Street canyons are classified based on their symmetry at Level 2. They are mainly divided into asymmetric street canyons and symmetric street canyons, 
which depends on whether the height of the buildings on both sides of the street are similar. Asymmetric street canyons are represented by H1 > H2 and H1 < H2. 
Symmetric street canyons are represented by H1 ¼ H2, where H1 is the height of the building on the left side of the street and H2 is the height of the building on the 
right. The symmetry of street canyons has different effects on the thermal comfort, airflow and pollutant dispersion in different street orientations, including an N�
S orientation and an E � W orientation [21–23].  

- Level 3: Street canyons can also be categorized into a series of complex geometry features for specific application needs at Level 3. In this work, we focus on dividing 
these street canyons into intersections, viaducts (above and below), and acoustic barriers according to a large number of street canyon applications and based on 
complex geometry. This level is not limited to the six types of street canyons. 

Fig. 3. The architecture of the proposed DCNN.  
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and complex-geometry-based (Level 3) classifications, as shown in 
Fig. 2. 

2.3. DMLM-SCC scheme 

Recently, deep learning-based models have been applied to a variety 

of computer vision tasks and have achieved great success in many ap-
plications such as image classification [24,25], image attribute predic-
tion [26,27], image scene segmentation [28,29] and helping researchers 
understand places and cities [30,31]. Deep convolutional neural net-
works (DCNNs), which take inspiration from the neural structure of 
human brains, can automatically learn efficient features and conduct 
various visual inference tasks [32–34]. DCNN-based models have been 
designed to solve a wide range of both low-level (e.g., image restoration 
[35], image super-resolution [36] and image synthesis [37]) and 
high-level (e.g., visual concepts [38], context relations [28], and visual 
depth [39]) vision tasks. 

Inspired by these works, we designed a deep convolutional neural 
network (DCNN) to classify street canyon geometry. We demonstrate 
that the proposed DMLM-SCC model is able to infer the street canyon 
geometry from three different aspects (see the previous section). Similar 
to the image scene understanding task, our learning-based approach 

Table 1 
Model architecture for street canyon classifications.  

Name Layers #of Feature 
Maps 

Filters Output 
Size 

Image Input 3 None 224�
224  

C1 Convolution 64 conv(7� 7)  56� 56  
Pooling 64 avgpool(2� 2)  56� 56  

B1 Dense Block 256 
�

convð1� 1Þ
convð3� 3Þ

�

�

6  

56� 56  

T1 Convolution 128 conv(1� 1)  56� 56  
Pooling  avgpool(2� 2)  28� 28  

B2 Dense Block 512 
�

convð1� 1Þ
convð3� 3Þ

�

�

12  

28� 28  

T2 Convolution 256 conv(1� 1)  28� 28  
Pooling  avgpool(2� 2)  14� 14  

B3 Dense Block 1024 
�

convð1� 1Þ
convð3� 3Þ

�

�

24  

14� 14  

T3 Convolution 512 conv(1� 1)  14� 14  
Pooling  avgpool(2� 2)  7� 7  

B4 Dense Block 1024 
�

convð1� 1Þ
convð3� 3Þ

�

�

16  

7� 7  

Classification Pooling 1024 avgpool(7� 7)  1� 1  
Ratio Classifer  softmax(1000, 5) 1 
Symmetry 
Classifer  

softmax(1000, 3) 1 

Complex 
Classifer  

softmax(1000, 6) 1  

Fig. 4. The study area: Hong Kong, China; (a)Location of Hong Kong (blue points) in south-eastern China; (b) urban areas in Hong Kong; (c) High-density building 
environment in Kowloon and Hong Kong Island. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of 
this article.) 

Table 2 
Classification accuracy of DMLM-SCC based on GSV images.  

Level Overall 
Accuracy 

Type #of Test 
samples 

Accuracy 

Level 
1 

89.3% Not a street canyon 1810 88.8% 
0 < H=W < 1  1465 86.5% 
1 < H=W < 2  3106 93.5% 
2 < H=W < 4  795 62.6% 
H=W > 4  2374 94.7% 

Level 
2 

86.6% H1 ¼ H2  1781 78.4% 
H1 > H2  2566 87.7% 
H1 < H2  2540 91.3% 

Level 
3 

86.1% Intersection 1789 87.8% 
On a viaduct 2181 93.9% 
Intersection under a 
viaduct 

611 75.9% 

Non-intersection under a 
viaduct 

2942 89.6% 

Acoustic barrier 562 80.2% 
General street canyons 665 55.0%  
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does not require measuring building height and street width data with 
field surveys. Instead, the proposed DCNN will automatically learn the 
deep features to support the classification tasks. Conceptually similar to 
facial image classification (i.e., we can classify an image into different by 
gender, race and facial expression) [40], we have developed a multitask 
learning network to learn the shared deep feature representations 
among the three street canyon geometry classification tasks. 

Our designed model is inspired by a recently developed DenseNet 
architecture [41] and multitask learning for face images [42]. DenseNet 
(densely connected convolutional networks) is a type of deep convolu-
tional neural network. It concatenates outputs from all the previous 
layers to encourage feature reuse and to strengthen feature propagation. 
The DenseNet-based model has yielded outstanding performance in 
various computer vision tasks, such as object classification and scene 
understanding tasks [41,43]. 

Fig. 3 illustrates the architecture of the proposed model. For a 224�
224 input GSV image, a DenseNet-based network is employed to extract 
deep representations of the street scene. Compared with previous 
DCNNs, the largest improvement from DenseNet is its dense block ar-
chitecture, where direct connections are introduced from any layer to all 
subsequent layers to improve the information flow between layers. 

Following the last convolution layer of DenseNet, three fully connected 
layers and softmax functions are designed for the three street canyon 
classification tasks. To implement the multitask training process, the loss 
for the “aspect ratio” task, the “symmetry” task and the “complexity” 
task is defined as L ratioðwÞ, L symmetryðwÞ and L complexityðwÞ, respectively. 
We use cross-entropy loss for Lð⋅Þ. The training target is defined as 
follows: 

min
w

nX
L ratioðwÞþL symmetryðwÞþL complexityðwÞ

o
(1) 

The detailed network configuration is specified in Table 1. The 
network is mainly composed of four dense blocks (B1–B4). In each 
block, the feature maps from the last layer are processed by a composite 
function of operations including a certain number of 1� 1 and 3� 3 
convolutional filters. As the input image passes through the whole 
network, the number of feature maps increases (from 2 to 1024) to 
extract the scene information from different perspectives. At the same 
time, the output size of the feature maps decreases (from 224� 224 to 
1� 1) to reduce the amount of redundant information and keep the 
efficient features. 

Fig. 5. Confusion matrices for the three classification tasks: (a) the H=W-based task, (b) the Symmetry-based task and (c) the complex-geometry-based task.  

Fig. 6. Comparison of the H=W-based classification results with the field survey data.  

- First, we randomly selected 100 points in Hong Kong and 100 points in Kowloon and Hong Kong Island with extremely high-density built environments. The former 
is to validate the classification results at Level 1, as shown in Fig. 6. The latter is to focus on the high-density built environment to validate the classification results 
at Level 2, as shown in Fig. 7. 
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3. Experiment 

We take Hong Kong as the study area and implement the proposed 
method. Furthermore, we compared the proposed method and tradi-
tional street canyon classification method from a series of aspects. As an 
application, we mapped the different street canyon distributions of Hong 
Kong. 

3.1. Study area 

Hong Kong is one of the world’s most densely populated cities with 
the highest building density. The high-density urban areas are charac-
terized by high-rise compact building blocks and deep street canyons, as 
shown in Fig. 4. In these areas, it is common to see tall buildings over 40 
stories located on narrow streets approximately 20 m wide. These 
complex street canyon environments are closely associated with serious 
problems, such as urban heat island effects, air pollution, radio reception 
issue, and human thermal discomfort. Therefore, how to classify and 
map street canyons becomes an important foundation for research on 
the built environment. 

3.2. Experimental setup 

To obtain a large amount of experimental data, we first used GIS 
software to generate the sampling locations from the OpenStreetMap 
along the streets of Hong Kong. Totally 109,118 sampling points (which 
can be used to obtain 436,472 GSV images) were collected in the study 
area. Then, we randomly selected 84,024 images to train the proposed 
DMLM-SCC model. These images were labeled by a third party and took 
approximately 40 h. 

We divided these images into a training subset (70%) and a testing 

Fig. 7. Comparison of the symmetry-based classification results with the field survey data.  

- Second, we labeled the height of the buildings on both sides of the street (H1, H2) and the width of the street section (W) for the 200 random sampled points. We 
first analyzed the images according to the HEADING of the image request, which is the compass heading of the camera. The classification results can be 
converted into specific street directions H1 and H2 by the heading of the image. Then, we calculated H1=W, H2=W and H=W (which is equal to the mean of H1=

W and H2=W) based on the street orientations (i.e., E � W and N � S) via the traditional H=W calculation method and compare the calculated results with the 
predicted results. If the predicted results from the trained DMLM-SCC model are consistent with the calculated results based on the field survey data, it is 
considered a correct classification; otherwise, it is considered an incorrect classification. Complex geometry calculation is only verified based on visual 
interpretation for images (see in Section 3.3.1) due to the lack of field survey data.  

(1) Validation of the H=W-based classification task 

Table 3 
Classification accuracy for the 100 sampled points.  

Level Accuracy Type Number of 
samples 

Subclass 
accuracy 

Level 1 81.0% Non-street 
canyon 

25 96.0% 

0 < H=W < 1  15 93.3% 
1 < H=W < 2  42 71.4% 
2 < H=W < 4  6 66.7% 
H=W > 4  12 75.0%  

Fig. 8. Normalized confusion matrix of the 100 sampling points.  
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subset (30%) to ensure that there was no overlap between them. Using a 
workstation with an 8-core CPU and two NVIDIA 1080Ti GPUs (12G 
RAM) as the experimental environment, the designed DMLM-SCC took 
approximately 5 h to complete the training process. The trained model 
was tested on the testing subset. In addition, the model was evaluated on 
200 randomly sampled points with ground truth data collected from 
field survey. Finally, all 436,472 images were predicted by the well- 
trained model. Accordingly, a street canyon distribution mapping can 
be drawn. 

3.3. Experimental results 

3.3.1. Classification accuracy of the DMLM-SCC model 
The classification results of the DMLM-SCC model based on GSV 

images are shown in Table 2. If the predicted result of a GSV image from 
the trained DMLM-SCC model is consistent with the labeled type, it is 
regarded as a correct classification; otherwise, it is considered an 
incorrect classification. The Accuracy is determined based on the per-
centage of correct classifications. The model achieved an overall accu-
racy of 85% for the classification at the three levels. However, the 
2 < H=W < 4 subcategory at Level 1 achieved a low accuracy of 62.6% 
because of its small number of sample images. In addition, the general 
street canyon subcategory at Level 3 achieved the lowest, but still 
acceptable, accuracy due to the sample’s diversity and complexity. 

Fig. 5 presents the confusion matrices of the three tasks. The values 
in the matrix indicate the percentage that samples from one category 
were classified correctly into another category by the model. Generally, 
the confusion matrix presents how similar a pair of categories is ac-
cording to the model’s performance. We noted that some categories are 
misclassified into each other more easily because these categories are 
naturally and visually similar to each other, such as subcategories 1 <
H=W < 2 and 2 < H=W < 4, with is reasonable. 

3.3.2. Validation based on GIS field survey data 
We used the following two steps to further validate the proposed 

method based on the field survey data of building and streets, which was 
extracted from the “B5000 maps series” by the Hong Kong Lands 
Department at Level 1 and Level 2. 

The accuracy of the H=W-based classification results is 81% at Level 
1, as shown in Table 3. Most sub-categories achieved an accuracy greater 
than 70%, except for the 2 < H=W < 4 type. We further show the results 
based on the normalized confusion matrix of 100 sampled points in 
Fig. 8. 

We noted that some categories were more susceptible to misclassi-
fication, such as the subcategories 1 < H=W < 2 and 2 < H=W < 4 as 
shown in Fig. 8. These results are similar to those in Fig. 5 (a) and show 
that the trained DMLM-SCC model achieves consistent results with the 
verification results based on the field survey data.  

(2) Validation of the symmetry-based classification task 

The overall accuracy of the symmetry-based classification results is 
78% at Level 2. The comparison results of the street canyon classifica-
tion in these two orientations are shown in Fig. 9. For each category, the 

Fig. 9. Symmetry-based classification result histogram.  

Fig. 10. Comparative analysis histogram based on H=W for the symmetry- 
based classification. 

Fig. 11. Transferability to other cities.  
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accuracy rates in the E � W orientation are all lower than those in the 
N � S orientation. This finding is attributed to the fact that the GSV 
images in the E � W orientation are more susceptible to sunlight inter-
ference due to sunrise and sunset. These results will be further verified in 
Section 3.3.5. 

To show the classification results based on symmetry more specif-
ically, we give the overall accuracy rates in different H= W ranges in 
Fig. 10. We can observe that a higher accuracy (greater than over 70%) 
was achieved for the 0 < H=W < 1, 1 < H=W < 2 and 2 < H= W < 4 
categories, while the H=W > 4 category only gained 16.7% accuracy. 
This finding is due to the limited horizontal field of view of the GSV 
images. It is difficult to compare the height of buildings on both sides of 
the street in such extremely deep street canyons. 

3.3.3. Transferability to other cities 
To show the robustness and transferability of our proposed scheme, 

we tested the trained DMLM-SCC model in five other cities: London, 
Paris, Tokyo, New York and Chicago. In total, 904 points (2653 images) 
from the five cities were randomly sampled to calculate the accuracy for 
further verification. These images were labeled manually based on the 
street canyon classification hierarchy at Level 1 and Level 2. Considering 
the geolocation and urban morphological characteristics, we merged the 
six complex classes into three classes (i.e., intersections, on a viaduct, 
under a viaduct) for the five cities. The results are shown in Fig. 11. 

Fig. 11 shows the accuracy of the trained DMLM-SCC model at each 
level in these five cities. The accuracy of non-street canyons and street 
canyons with 0 < H=W < 1 at Level 1 achieved a better performance. 
For Level 2, the accuracy for London and Tokyo is better than in other 
cities (we suspect this is because the urban morphology in those two 
cities is simpler). The accuracy of intersections in the five cities are 
approximate at Level 3. Such results are reasonable because in-
tersections in a street canyon have a similar geometry in each city. 

3.3.4. Mapping of the street canyon classification in Hong Kong 
As an application of the proposed classification method, we mapped 

all the Hong Kong street canyons based on the classification results. In 
total, 109,118 sampling points (436,472 images) were predicted by the 
trained model for the three levels. Therefore, three classification maps of 
the street canyon distribution were produced based on these predicted 
images. The classification map for Level 1 is shown in Fig. 12. 

As shown in Fig. 12, street canyons are mainly distributed in the core 
areas of different districts of Hong Kong. The orange points represent the 
shallow street canyons that are mainly distributed at the junction of the 
core area and the suburbs, and the gray points represent the non-street 
canyons, mostly distributed in suburbs and parks, while deep street 
canyons (blue points) are mostly located on Hong Kong Island and in 
Kowloon Tong. 

Fig. 13 shows the mapping result of the street canyons in Hong Kong 
from symmetry-based classification (Level-2). Most street canyons are 
distributed in the downtown areas of Hong Kong Island and Kowloon 
Tong. Asymmetric street canyons are mainly distributed along the 
coastline and around irregular street layouts in high-density urban 
areas. Symmetrical street canyons are mainly distributed in the down-
town core area with a regular street layout. Such a symmetry-based 
analysis will be useful for researching the thermal environment, wind 
environment and air quality because asymmetric street canyons have 
greater access to the sky [12,23]. 

Fig. 14 shows the mapping of different kinds of street canyons in 
Hong Kong. The most dense blue points are intersections in street can-
yons; gray points are non-street canyons that are predicted from Level 1. 
Points in other colors are related to the street environment of the 
viaduct, including the bridge, the space under the bridge and acoustic 
barriers. In fact, the Level 3 analysis is not limited to these types. It can 
be further extended to more detailed classifications tailored for specific 
application needs. It can be observed from Fig. 14 that there are a large 
number of intersections and viaducts in Hong Kong to divert traffic, 
especially in the street canyon. These observations help understand the 

Fig. 12. The classification map of Hong Kong street canyons based on H=W (Level-1).  
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road morphology and road type in the study area. 

3.3.5. Comparison DMLM-SCC with traditional street canyon classification 
Table 4 shows the comparison between the proposed method and 

traditional methods. The method from [9] has a high classification ac-
curacy, medium calculation complexity but low transferability. In [10], 
two algorithms were developed to parameterize the urban morphology 
based on a traditional method. It defines a set of rules to generalize 
various street canyon calculation scenarios and is implemented as ArcPy 
Python tools within ArcGIS. It reduces the computational complexity 
while maintaining high accuracy. However, both algorithms require a 
large amount of field survey data including building geometry and street 
geometry. 

In contrast, the proposed method can achieve medium accuracy 
(89.3%, 86.6% and 86.1% for three levels respectively) by using pub-
licly available GSV images without relying on field survey data. This 
method can output different types of classifications and calibrations 
based on deep learning. As the number of classification categories in-
creases, the computational complexity increases. In addition, we 
compared them in mapping applications with traditional methods as 
shown in Table 5. 

The former two methods have lower update frequencies due to their 
dependence on field survey data. These methods require much manual 
labor and resources for high-frequency repeated measurements. In 
addition, they can only be used to map street canyons based on H= W 
and symmetry because of field survey data limitations. Mapping 

complex street canyons requires much complex data. However, the 
proposed method can update the map at a higher frequency because of 
the fast update of GSV images. Moreover, it can map street canyons into 
three layers (described in Section 3.4) because street view images can 
reflect a more elaborate street environment. 

3.3.6. Impact of sunshine on street canyon classification 
The sunlight in the open space of a street will have an impact on the 

quality of GSV images and thus affect the street classification results 
based on the proposed method. As shown in Fig. 15, the accuracy of 
street canyon classification in the E � W orientation may be lower than 
that in the N � S orientation. To verify this, we have selected the 
incorrectly classified GSV images from 100 sample points at Level 2 and 
divided the 100 sampled points into two categories: sunny (51 sampling 
points) and cloudy (49 sampling points). These two types are analyzed 
individually with their accuracy based on symmetry classification. 

The results show that the accuracy of the sunny category is 76.5% 
while the accuracy of the cloud category is 100%. As the sun rises and 
sets, the GSV images in the E � W orientation will sometimes be inter-
fered with by more intense sunlight than those in the N � S direction. 
This finding is basically consistent with the experimental results re-
ported in Section 3.3.2. 

Fig. 13. The classification map of Hong Kong street canyons based on symmetry (Level-2).  
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4. Discussion and future work 

4.1. Street view images offer a cost-effective solution for street canyon 
classification 

We have shown that the proposed DMLM-SCC method can classify 
street canyons effectively from publicly available GSV images through a 
deep learning approach. Applying DMLM-SCC to study the urban ge-
ometry in Hong Kong, we found that the method yielded satisfactory 
classification results, as demonstrated in the validation phase based on 
field survey data. Compared with traditional methods, this study pro-
vides a cost-effective alternative solution to potentially support urban 
microclimate change research because it does not rely on expensive field 
survey data. Indeed, the proposed learning-based approach can have a 
higher refresh frequency than traditional methods because GSV images 
can be updated frequently. As a popular data source, street view imagery 
can be accessed from other open sources and crowdsourcing platforms, 
such as Mappillary. In addition, incorporated with Lidar data, street 
view images have become an important basis for the development of 
autonomous vehicles and City Information Model, which makes this 
data sources easier to access. Besides, it is expected that the proposed 
approach can help explore the correlation between street canyons and 
microclimates, especially in developing countries, to better support their 
urbanization processes. 

Fig. 14. The classification map of Hong Kong street canyons based on complex geometry (Level-3).  

Table 4 
Comparison of different methods for street canyon classification.  

Criteria Vardoulakis and 
Bernard [9] 

Jackson and 
Hood [10] 

Proposed 

Accuracy High High Medium 
Calculation complexity Medium Low High 
Expansibility Low Low High 
Public available data � � ✓ 
Field survey 

data (GIS) 
Building 
geometry 

✓ ✓ � 

Road 
geometry 

✓ ✓ �  

Table 5 
Comparison of the mapping properties from different classification methods.  

Criteria Vardoulakis and 
Bernard [9] 

Jackson and 
Hood [10] 

Proposed 

Update Frequency Low Low High 
Multi- 

layer 
Aspect Ratio- 
based layer 

✓ ✓ ✓ 

Symmetry-based 
layer 

✓ ✓ ✓ 

Complex street 
canyon layer 

� � ✓  
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4.2. Refined classification maps of street canyons support evidence-based 
interdisciplinary research on urban issues 

In this paper, we show that the proposed DMLM-SCC model out-
performs the existing methods in terms of the following: (1) it can be 
extended to other cities without field survey data (see Section 3.3.3), 
and (2) it can be used to analyze how different types of street canyons at 
multiple levels affect local microclimate change in a more refined way, 
because this method can classify street canyons more efficiently. In 
addition, according to previous works, the tree view factor, sky view 
factor and building view factor can be extracted from GSV panoramic 
images [19]. The incorporating of the proposed approach is promising 
for understanding the impact of green infrastructure, sky openness, and 
building density on microclimates in different types of street canyon 
environments. 

4.3. Future work 

In this work, we used natural street view imagery instead of hemi-
spherical or panoramic images, which require accurate geometric and 
photogrammetric parameters to reconstruct the 3D environment. 
Nevertheless, the latter approaches have an advantage in understanding 
extremely deep street canyons. Therefore, in our future work, we will 
consider combining street view images with natural, hemispherical and 
panoramic view to improve the performance of street canyon classifi-
cation. Furthermore, it is promising to use the local adaptive histogram 
equalization algorithm [44] to repair GSV images that are disturbed by 
sunlight. It can be achieved by first detecting the region affected by 
sunlight in a GSV image and then recovering the image based on the 
local adaptive histogram equalization algorithm. The above solution 
may be applicable to general GSV images affected by sunlight. Last but 
not least, it is expected that developing automatic tools for analyzing 
dynamic changes/differences from longitudinal GSV images, which is 
important in urban planning and development. 

5. Conclusion 

This study has focused on (1) developing a deep learning convolu-
tional neural network for accurately classifying street canyons from 
multiple aspects using publicly available GSV images; (2) verifying the 
accuracy of the proposed GSV-based method by using construction and 
road reference data from a field survey; (3) comparing traditional 
methods with proposed methods and analyzing the influencing factors 
of the differences between them. A multi-layer classification map of 
street canyons (i.e., H=W-based, symmetry-based and complex- 
geometry-based) in Hong Kong was generated. The following conclu-
sions can be drawn:  

- The three-level street canyon classification accuracy values based on 
GSV images were 89.3%, 86.6% and 86.1%, respectively. This proves 
that the proposed method is a low-cost street classification method 
that does not rely on a large amount of field survey data.  

- Verification with field survey data shows that the proposed method 
has a satisfactory accuracy and thus proves its effectiveness. The 
street canyon classifications based on symmetry are limited by high 
building densities and narrow street environments. In addition, they 
are limited by sunlight.  

- This paper separately maps the street canyons from multiple levels, 
including the H=W-based, symmetry-based and complex-geometry- 
based. The detailed classification of street canyons from different 
levels can help meet the requirements of high-density urban micro-
climate environmental research. 
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