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Abstract. Windows play an important role in ‘Eyes on the Street’ in Jane Jacobs’ theory. 
However, vital street-level parameters in her theory, most notably windows, are rarely 
assessed at the urban scale due to imprecise existing datasets. To resolve this 
challenge, this study proposes an automated computer vision-based methodology to 
extract the window-to-wall ratios (WWRs) of buildings in the Bronx, New York, using 
semantic segmentation machine learning. This study brings together machine learning 
and Google Street View (GSV) to accurately assess WWRs at the urban scale. The 
WWR distribution results show that street-level WWRs help to analyze with other urban 
data, with controlled parameters, such as land use and building age. Our WWR 
assessment can be universally applied to other cities using geotagged street view 
imagery of GSV. This study can help provide a reference for precise future urban design 
and management assessments. 
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1 Introduction 

Street-level window-to-wall ratios (WWRs) have long played a critical role in 
assessing the visual quality – the visual stimuli that shape our perceptions, 
attitudes, and general views (Sheikh & Bovik, 2006) – of urban street façades 
(Li et al., 2020). The measurement of WWRs at an urban scale has been 
conducted only for building or urban energy assessments (Shi et al., 2020; 
Szcześniak et al., 2022).  

Information on assessing WWRs for urban street-level visual quality is rare.  
Planners’ and managers’ ability to plan and manage urban façades effectively 
and efficiently is, therefore, limited. However, Google Street View (GSV) 
provides street-level profile views of urban façades (Charreire et al., 2014; X. 
Li et al., 2015; Rundle et al., 2011; Taylor et al., 2011) and WWRs. Yet, little 
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research on GSV with WWRs for urban planning exists. With the GSV 
information, assessed street-level WWR data can be incorporated into urban 
façade planning and management. Thus, we explore GSV as a street-level, 
urban WWR assessment tool to understand the visual qualities of the street, 
such as safety (Raskar et al., 2015; Zhang et al., 2018). We conduct a case 
study assessment of street façades using GSV images in the Bronx, New York 
City.  

Our methodology involves four steps. First, the GSV Images (400x600 
pixels) are collected in two directions vertical to the streets (Tsai & Chang, 
2012) using the GSV Image API within the Bronx. Second, based on these 
large-scale street view image data, the pixel segmentation machine learning 
model – the Mask R-CNN model (He et al., 2018) trained on our labeled dataset 
– is used to measure the WWRs in the GSV images at an urban scale 
automatically. Third, the data predicted by the trained machine learning model 
are summarized, visualized, and analyzed.  

The results reveal that GSV to be suited for assessing street-level WWRs. 
We suggest that WWRs extracted from GSV can be a relatively objective 
measurement of street-level visual quality and may be valuable in guiding urban 
façade planning and management.  

2 Related work 

In urban design, windows can increase the interaction between people in 
buildings and on streets. Moreover, Jane Jacobs concludes three necessary 
qualities that a city street needs to maintain safety as eyes on the street – a 
clear demarcation, eyes upon the street and sufficient buildings facing streets, 
and continuous eyes on the street to guarantee effective surveillance (Jacobs, 
1961). In her theory, windows are one of the elements that play an essential 
role in the safety of eyes on the street. She further claims that "Lack[ing] the 
checks and inhibitions exerted by eye-policed city streets," they can become 
flashpoints for destructive and malicious behavior. Numerous studies have 
demonstrated the relationship between eyes on the street and crime rates from 
theoretical and criminological perspectives (Cozens & Hillier, 2012). However, 
none of the urban designers has ever demonstrated her theory on how much 
windows work as eyes on the street to build a safer community using urban 
data. 

Visual quality (i.e., the impacts of visual features on people’s feelings, 
aesthetics, health, etc.) stimulates our perceptions, attitudes, and general views 
of urban life (Forkenbrock & Sheeley, 2004). Assessing the urban visual quality 
accurately is important in the design and management of urban environments 
to demonstrate the theory of Jane Jacobs (1961). Quantitative assessments of 
urban visual quality aim to automatically measure the quality of images in a 
perceptually consistent method (Sheikh & Bovik, 2006). However, existing 
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studies on automated quantitative assessments of street facades are not 
accurate enough to guide urban design. For instance, many studies that 
measure urban visual qualities and analyze the possible related factors (Dubey 
et al., 2016; Zhang et al., 2018) do not accurately measure how much each 
visual element impacts urban environments.  

Window-to-wall ratios (WWRs) of street facades are one of the most 
important evaluation indicators of visual quality. WWRs are typically estimated 
based on either the use of 3D laser scanning from street-view or aerial images 
(Früh & Zakhor, 2003). Although image processing techniques based on 
machine learning and computer vision have been used to extract façade 
geometries, they are largely insufficient for precise WWR calculations (C.-K. Li 
et al., 2020). Moreover, their fundamental weakness is that they depend on 
rigorous façade styles and quality requirements (Koutsourakis et al., 2009; 
Riemenschneider et al., 2012; Teboul et al., 2010, 2011) or photographs 
collected by human labor (Früh & Zakhor, 2003, 2004). These methods are 
“semi-automatic” and rely on significant human input. Additionally, existing 
urban image segmentation datasets are noisy with shadows from urban objects 
such as trees, or some windows are unlabeled. These urban image datasets, 
such as ADE20K (Zhao et al., 2017; Zhou et al., 2018) and Mapillary (Neuhold 
et al., 2017), PASCAL VOC (Everingham et al., 2010), and CityScapes (Cordts 
et al., 2016), cannot segment windows and walls precisely for accurate WWR 
calculations. Thus, we need a dataset to automatically assess WWRs on the 
urban scale to improve urban design and management. 

To overcome these limitations, our research uses Google Street View (GSV) 
images (which have continuous street images from the perspective of 
pedestrians) to assess street-level building façades. GSV, first introduced in 
2007, is a library of urban panoramic images captured by cameras on cars 
(Rundle et al., 2011). The visual quality of GSV is similar to people’s 
experiences on the street by car, bike, or foot. 

By stitching the images together, GSV images can create continuous 
building façade experiences of a streetscape. Thus, the GSV image library has 
been proposed as an effective potential data source for urban assessments 
(Rundle et al., 2011; Rzotkiewicz et al., 2018), such as public open space audits 
(Edwards et al., 2013; Taylor et al., 2011), neighborhood environmental audits 
(Charreire et al., 2014; Rundle et al., 2011; Odgers et al., 2012; Griew et al., 
2013), and building energy audits (Shi et al., 2020; Szcześniak et al., 2022). 

While we rarely find any study in the literature using GSV images and 
machine learning for urban assessment of WWRs, we decide to examine 
whether or not the application of GSV images with computer vision machine 
learning for assessing street-level WWRs can work effectively and efficiently. 
Such an automated assessment can provide a potential method to evaluate the 
urban environment accurately and to guide urban design.  
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3 Methodology 

3.1 Google street view (GSV) data collection 

Our training set contains 500 Google Street View (GSV) images scraped 
randomly in the Bronx, New York. Our prediction set contains 1874 images in 
Soundview, a neighborhood in the south of the Bronx, New York City (Fig.1). 
The street map of the study area was processed and generated based on 
OpenStreetMap, an editable geographic database.  

 

Figure 1. The location, road map, and GSV of a site in Soundview, Bronx, New York. 
Source: Author, 2022. 

Figure 1 shows the GSV of a site in Soundview, Bronx, New York City. The 
street view is the same as a user sees with GSV panorama (Tsai & Chang, 
2012). We collect the GSV images of 400 X 600 pixels in two directions vertical 
to the streets at intervals of 20m (Tsai & Chang, 2012) using the GSV Image 
API within the Bronx. To represent the urban WWRs of the study area, 500 
sample sites are generated randomly along the road map as the training set 
from the scraped images.  

3.2 Annotation of the training set 

We annotate 500 images on the makesense.ai platform. Figure 2 shows an 
annotated example of our training set. In terms of the selection of labeled 
facades, we only label the walls and windows facing the camera because the 
facades with perspective angles cause the miscalculation of the window-to-wall 
ratio. In terms of the labeled content, the edges of the annotation boxes are the 
edge of the windows and walls. If a huge tree trunk is encountered, the 
annotation boxes should not contain the large trunk area; If a small tree branch 
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is encountered, the annotation boxes should contain the small branch area. The 
area of the walls includes the area of the windows, but not the area of roofs. 
Finally, the labeling result is a dataset in Coco format containing two label 
classes - window and wall. 

 
Figure 2. Annotated training set of GSV in the Bronx, New York. Source: Author, 2022. 

3.3 Window and wall area extract from GSV images 

The existing trained segmentation models cannot accurately detect the 
windows from the walls. After testing on the same model of DeepLab (Chen et 
al., 2017), we found that the reasons include the following 4 biased aspects: 
noise of the training set, different sources of the datasets, the detection of only 
glass, and other biases. 

Some urban image datasets, such as ADE20K (Zhao et al., 2017; Zhou et 
al., 2018) and Mapillary (Neuhold et al., 2017), CityScapes (Cordts et al., 2016), 
have the classes of windows and walls. However, their datasets do not annotate 
every window of the facades on the street. Thus, the mAP of the window 
detection is lower than we need for WWR calculation. These noisy dataset 
annotations result in an imprecise output of specific class detection. Figure 3. 
shows an output example of the DeepLab model trained on the dataset of 
ADE20K. From the image, on the right is the GSV image from Soundview; on 
the left, we can see that the buildings, sky, trees, and cars are well segmented. 
However, the windows cannot be detected due to the noise of the dataset. 

 

Figure 3. An example of the GSV segmentation results using DeepLab and ADE20k. 
Source: Author, 2022. 
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Some datasets are scraped from other media platforms, such as PASCAL 
VOC (Everingham et al., 2010) from Flickr. The image of these datasets 
contains different scenes from Google Street View images. For example, Flickr 
images include more interior, and people view images than street-level images. 
The training sets of these datasets do not have the same domain as the Google 
Street View images in the Bronx. Therefore, different databases of image 
sources lead to different databases suitable for use in different contexts. 

Window detection is a key component in many graphics and vision 
applications related to 3D city modeling and scene visualization. However, 
some façade parsing datasets can detect the glass in the buildings, such as 
research by Li (2020). Moreover, these datasets cannot detect all types of 
windows, and some of them focus on glass detection. Thus, the existing window 
detection dataset cannot parse the windows in the Bronx effectively. Therefore, 
we train the pixel segmentation machine learning model – the Mask R-CNN 
model (Chen et al., 2017) on our dataset for WWR calculations. Then, the 
output of the trained model can automatically measure the WWRs in the GSV 
images on an urban scale. Finally, the mean average precision (mAP) is used 
to evaluate the output of the trained model.  

3.4 WWR index calculation 

We extract the number of masks of different colors from the image 
segmentation result. The output results include 

• the number of windows, 
• the number of walls, 
• the number of pixels of windows, 
• the number of pixels of walls, and 
• the number of pixels in the images. 
WWR measures the window area on the total amount of exterior wall area, 

which is the result of the total number of pixels of windows over the number of 
pixels of walls. The measured WWR data by machine learning prediction is 
calculated, mapped. Last, the data predicted by the trained machine learning 
model are summarized, visualized, and analyzed. 

4 Results 

4.1 Data augmentation in machine learning model 

We use 455 training set and 55 validation set to train the Mask R-CNN model 
(Chen et al., 2017). In the training process, we augment the images using the 
augmentation function of imgaug (https://github.com/aleju/imgaug). We utilize 
the Gauss. Noise + Contrast + Sharpen, Affine, Crop + Pad to 
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augment the street view images to reduce the large number requirement of the 
training set.  

In our case, cropping the image is necessary because the distance of the 
building facade from the camera varies very much in our dataset. The impact 
of irrelevant patterns like tree trunk and car can be reduced. Gaussian noise is 
added to prevent overfitting when our model tries to learn high frequency 
features are not useful. 

4.2 Model hyperparameters and training 

Our implementation follows the Mask RCNN paper for the most part, but we 
adjust several hyperparameters in favor of simplicity and generalization. To 
support training multiple images per batch we resize all the images to the same 
size: 384*384. The bounding box are generated based on the smallest box that 
encapsulate all the pixels of the mask, which is useful for a quick assessment 
of the result correctness. This makes the model easy to apply images 
augmentations that would otherwise be harder to apply to bounding boxes.  

After several iterations of adjusting hyperparameters, we end up with the 
0.001 learning rate, 143 epochs, and 384*384 image size. The mAP of the 
training is 0.655 in testing the model on 55 validation images, more than 0.5 of 
the ADE20k datasets. Figure 4. shows the examples of the generated masks. 
The result shows that we can successfully extract the area of windows and walls 
to analyze the WWRs further. 

 

Figure 4. The generated masks of google street view using our model. Source: 
Author, 2022. 

Table 1. Sample of window-to-wall ratio output of the predicted images of Google 
Street View in the Bronx, New York 

Date lat lon ang Window
_num 

Wall_
num 

Windo
w_pix 

Wall_p
ix 

ratio 

2022-02 40.835949 -73.87157 2.454806 12 5 2529 39237 0.064 
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2022-02 40.834112 -73.874904 7.799306 12 1 9621 39957 0.241 

2022-02 40.842859 -73.881411 48.034176 6 1 5955 26715 0.223 

2019-11 40.839317 -73.869859 20.287989 2 3 2694 62937 0.043 

Source: Author, 2022. 

4.3 Data analysis and visualization 

Using the WWR index function mentioned above, we are able to calculate the 
WWRs from the generated mask and the number of windows and walls. The 
generated data from images are stored in a pandas data frame and then 
merged with geo-tagged data frame based on the panoID column.  Among the 
1,874 test images, 97.9% are distributed between 0 to 0.2 (Figure 5. right chart), 
suggesting a relatively precise result.  

The result is mapped for a clear view of the geographical distribution. From 
Figure 5, we find an interesting phenomenon that main streets have relatively 
small WWR compared with secondar streets. One possible explanation is that 
these main streets have higher traffic flow, and the residents prefer smaller 
WWR to maintain privacy. 

 

Figure 5. Data visualization and distribution of WWR in the Bronx, New York. 
Source: Author, 2022. 

5 Discussion 

Urban visual data has been generated at an unprecedent speed with the rise of 
scene segmentation, which opens new opportunities to quantitively investigate 
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urban physical environment from multiple perspectives. This study provides a 
method of evaluating WWR by integrating big geo-data from GSV images. We 
show how GSV along with Mask RCNN can be used efficiently to measure the 
features of building façade at a large scale. 

Our work is limited in several aspects. First, the size of validation set is not 
quite large, thus may lead to overfitting in the testing set. In future work, we can 
add more annotated to obtain a larger dataset and achieve a maximum 
performance of the algorithm. Second, our self-annotated dataset contains only 
two annotation categories: windows and walls. Third, the segmentation of street 
corners remains an unsolved problem, since a specific image view does not fit 
all buildings with different orientations. Inevitably, a high score in the algorithm 
does not always mean the best state. 

This paper serves as the first step in profiling the urban building facade with 
GSV and scene segmentation. We propose that this line of research can be 
extended in several ways. In the field of architecture and urban design, WWR 
is an interesting topic with a wide range of applications. For example, 1) 
Differences in WWR between cities in different geographic locations, i.e., 
seaside and inland 2) Differences in WWR between cultures, i.e., Islamic 
architecture has relatively small WWR compared with catholic buildings. And 
by calculating WWR on a large scale and quantitatively using google street view 
and computer vision, we can provide a reference for region or culture based 
architectural design. 

Future works include training a more accurate and generalized model with 
annotated images from other cities, such as Paris and San Francisco. Our 
current dataset contains only images in Bronx, NY, where the building facades 
are quite simple. While considering the variety of building facades in different 
cities, the current model may not perform well in other cities. With a generalized 
model, it is possible to compare WWR among different districts of a city and 
even among different cities and reveal the correlation between WWR and other 
urban index, like the impact of culture or religion on building design.  

6 Conclusion 

 
Our aim is to develop and test an automated computer vision methodology to 
extract the WWR of building facades in a large scale, using state-of-the-art 
machine learning techniques and Google Street View (GSV) images. The 
methodology can be further extended to assess other features of the built 
environment that shape the visual experience, such as urban architectural style 
and the relationship between adjacent buildings.  

By training the Mask RCNN model, we could achieve a satisfying 
performance on the annotated validation set, and the mean Average Precision 
(mAP) reaches 0.66. The result reveals that our model achieves a medium-to-
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good performance of calculating WWR, which can shed light on future 
architectural design and urban development. 

The main contributions of our paper are as follows: First, a machine learning 
model on GSV images for the large-scale and quantitative measurement of 
WWR, which is one of the key parameters involved with a meaningful 
understanding of the urban environment.  

Second, an annotated GSV dataset that contains 500 GSV images labelled 
with categories of window and wall. The existing scene-centric datasets include 
a very limited number of images annotated with the window category and their 
perspectives are too oriented from the facades, which cause low accuracy of 
window segmentation. 

Third, windows play an important role in ‘Eyes on the Street’ in Jane Jacobs’ 
theory. However, vital street-level parameters in her theory, most notably 
windows, are rarely assessed at the urban scale due to imprecise existing 
datasets. To resolve this challenge, this study proposes an automated 
computer vision-based methodology to extract the window-to-wall ratios 
(WWRs) of buildings in the Bronx, New York, using semantic segmentation 
machine learning. This consistent measured maps on the WWR qualities in 
Bronx, which can be used for further studies on urban visual environment. 
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