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Summary

Street View Imagery (SVI) serves as a valuable medium for sensing and analysing street
spaces, however, it inadequately represents the 3D morphological structure of streets. The
study presents a novel approach that transforms a single omni-directional SVI into a coloured
point cloud, explicitly enhancing its ability to represent the 3D morphological structure of
street space. Building on these point clouds, experiments are conducted applying 3D deep
learning methods to infer street frontage attributes, such as the activeness. Street frontage
classification based on 3D point cloud structures performs comparably to traditional
image-based methods and surpasses them with the addition of both 3D and colour information.
The work presents great potential to understand and explain street attributes from street
morphology, contributing to more effective urban design and renewal strategies.
KEYWORDS: Urban Perception, Street View Imagery, Point Clouds, Representation
Learning, 3D Deep Learning.

1 Introduction

Human perceptions and experiences of street spaces are rich and varied, holding significant impor-
tance in our daily lives. A well-designed street environment enhances commercial activity (Kim
and Woo 2022), safety (Cui et al. 2023), mental health (Wang et al. 2019), and property values
(Law, Paige, and Russell 2019). Conversely, poor street environments often lead to stress and anx-
iety (Chen et al. 2023), and can be associated with poverty (Yuan et al. 2023) and even criminal
activities (Z. He et al. 2022). Perception of street spaces largely depends on visual information,
including the colour, material, and texture of street facades, street traffic and commercial activities,
and street furniture and vegetation. Street view imagery (SVI) has been widely used in urban
analytics research as a valuable medium to understand human perceptions of street spaces (Biljecki
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and Ito 2021). The use cases include auditing street quality (Smith, Kaufman, and Mooney 2021;
Liet al. 2022), detecting changes in street environments (Han et al. 2023; Stalder et al. 2024), and
extracting specific street elements such as buildings, trees (Zhang et al. 2024) and urban lighting
(Fan and Biljecki 2024). The advancements of deep learning techniques, especially in computer
vision, have provided powerful tools for these tasks (Ibrahim, Haworth, and Cheng 2020).

However, urban imagery may not be the only approach to represent street spaces. One key limita-
tion is that individuals experience their environment dynamically in 3D, building knowledge of the
3D morphological structure through movement. Navigating urban spaces using 3D city models was
reported “more intuitive” than relying on 2D maps (Biljecki, Stoter, et al. 2015). Nevertheless, 3D
information such as spatial depth, distance, enclosure and height are arguably not fully represented
with SVI. The 3D morphological structure is implicitly inferred from the visual information present
in the street imagery, resulting in a lack of targeted consideration of the spatial form and structure
corresponding to the street scenes. Consequently, it remains unclear to what extent an individ-
ual’s perception of street environments derived from SVI is based purely on visual semantics, such
as building materials or street trees, as opposed to the influence of morphological characteristics
inherent to the streetscape.

Given these limitations, this study aims to develop a workflow that translates SVI into point clouds,
applies 3D deep learning methods to learn a representation of a street scene and evaluates the
approach through adown-stream street frontage classificationtask. Through aseries of experiments,
we aim to address the following questions:

1. Can street frontages characteristics such as activeness be effectively classified solely using
three-dimensional morphological structure?

2. Can the combination of three-dimensional morphological characteristics and visual features
enhance the performance of classifying street frontage characteristics?

2 Methods

An overall research framework of the study is shown in Figure 1 which consists of two parts;
translating SVI into point clouds, and applying 3D deep learning techniques for classifying street
frontage according to activeness.

2.1 SVI to Point Cloud Workflow

We first explore a workflow to generate coloured point clouds based on panoramic SVI and their
corresponding depth information. Specifically, following the method proposed by Cavallo (2015),
panoramicimagesunderthe equirectangular projection were reprojected into aspherical coordinate
system. The horizontal and vertical coordinates of pixels were mapped to azimuth and inclination
angles and the depth information from depthmap served as the radius. Using the sphere’s centre
as the origin, the spherical coordinates were then transformed into Cartesian coordinates, enabling
the calculation of each pixel’s position in 3D space. In this way, the 2D SVIs can be converted
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Figure 1: A Research Framework of the Study.

to coloured 3D point clouds, and the morphological structure characteristics of street scenes are
restored and represented.

2.2 3D Deep Learning

The second part of this study focuses on applying 3D deep learning to the generated street view point
clouds, and evaluating if classification performance can be improved compared to traditional meth-
ods. 3D deep learning primarily focuses on learning local or global structural features from point
clouds or voxels. Similar to applying deep learning on images, 3D deep learning can also accomplish
classification and segmentation tasks, such as distinguishing vehicles like cars and motorcycles on
the street. In this study, we hypothesize that the morphological structure of a point-cloud-based
street scene is linked to its frontage characteristics and can be effectively learned and classified.
Based on this hypothesis, we applied PointNet (Qi, Su, et al. 2017), PointNet++ (Qi, Yi, et al.
2017), and Point Transformer (Zhao et al. 2021) architectures to train deep learning models using
the generated point clouds, aiming to infer the frontage characteristics of street scenes.

2.3 Case Study and Experiments

Using Manhattan, New York City, as the study area, we downloaded 2,169 omni-directional
panoramic images from Google Street View (GSV). As shown in Figure 3, these images were
manually filtered and labelled into four categories based on different street frontage types:
‘More-Active’, ‘Less-Active’, ‘Non-Active’, and ‘Empty’ following a similar procedure as Law,



Seresinhe, et al. (2018) in labelling the activeness of a street frontage inspired from the seminal
work of Jacobs (1961).

0. More-Active 1. Less-Active

2. Non-Active 3. Empty

Figure 2: Sample images for the four street frontage classes.

Usingthe streetlevellibrary!, we downloaded the depthmap of SVI from GSV and projected SVI
and depthmap pairs into coloured point clouds. By randomly splitting the point clouds and SVI pairs
into training and testing sets with a ratio of 80:20, we conducted the following experiments:

e Point Cloud Learning: Models (PointNet, PointNet++, Point Transformer) were trained
on point clouds with spatial coordinates (x, y, z) and with colour information (x, y, z, , g, b)
for street scene classification. The aim is to evaluate the effectiveness of pure morphological
features in distinguishing street scenes and to assess the impact of incorporating additional
colour and texture information.

» Image Learning: ResNet50 architecture was used to classify street scenes from the original
images, serving as a baseline.

¢ Multi-modal Learning: Features from Point Transformer (point clouds) and ResNet50 (im-
ages) were concatenated and trained with a multilayer perception (MLP) to exploreintegrating
spatial and visual information.

Thttps://streetlevel.readthedocs.io/en/master/
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3 Results

3.1 Point Cloud Learning Experiments

Table 1 compares the best performance of different model architectures on the classification task
using point clouds with and without colour information as input. All experiments were optimised
using the negative log-likelihood loss function with the ADAM optimiser. Each experiment was
trained for 25 epochs, the initial learning rate was set at 0.0001 and halved every 10 epochs, the
batch size was 16, and the number of sampled points was 1024. Each input-model configuration

was tested twice, and the best performance in terms of accuracy and F1 was recorded.

Table 1: Performance metrics for different 3D deep learning architectures.

Without Colour | With Colour

Models Accuracy | F1 | Accuracy | F1
PointNet 0.657 0.618 0.671 | 0.667
PointNet++ 0.645 0.610 0.710 0.700
PointTransformer 0.659 0.624 0.682 | 0.667

It is found that PointNet++ achieved the best performance when colour information was included,
with an accuracy of 71.0% and F1 score of 70.0%. Figure 3 illustrates the loss and accuracy variation
during the training process. When colour information was excluded, Point Transformer performed
best with an accuracy score of 65.9% and F1 score of 62.4%. For all tested model architectures,

incorporating colour information improved both model performance and training stability.
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3.2 Image Learning and Multi-modal Learning Experiments

Based on the same train-and-test split, we trained baseline image models based on a ResNet50
architecture (K. He et al. 2016). Specifically, we experiment models with one linear layer, or with
1 or 2 dense layers in a MLP. The model performance is shown in Table 2. Model with two dense
layers achieves the best performance, with accuracy score of 0.703 and F1 score of 0.704.

Table 2: Performance metrics for different ResNet50 models.

Models Accuracy | F1 Score
ResNet50 + Linear 0.698 0.703
ResNet50 + 1 Dense 0.671 0.668
ResNet50 + 2 Dense 0.703 0.704

With Point Transformer and ResNet50 as feature extractors respectively, we conduct further ex-
periments for multi-modal learning. Point cloud and image features are concatenated and passed
through either a linear layer or one or two dense layers in a MLP for comparison. Similarly, each
input-model configuration was tested twice. As shown in Table 3, model with one additional dense
layer achieves the best performance with an accuracy score of 0.733 and F1 score of 0.737.

Table 3: Performance metrics for different multi-modal models.

Models Accuracy | F1 Score
Point Transformer + ResNet50 + Linear 0.719 0.707
Point Transformer + ResNet50 + 1 Dense| 0.733 0.737
Point Transformer + ResNet50 + 2 Dense 0.724 0.713

4 Discussion and Conclusion

The analysisreveals that morphological features of street spaces, represented by coordinates of point
cloud data, can effectively classify street frontage, although their performance s slightly weaker than
traditional image-based classification models. Integrating morphological structure with colour in-
formation significantly improves classification accuracy. Furthermore, concatenating 2D and 3D
features via multi-modal classification achieved the best street frontage classification results. This
study highlights the importance of 3D spatial structural information in understanding street at-
tributes, a factor often overlooked in traditional SVI-based urban studies. Through a series of
experiments, the learnability of street morphological structures and their effectiveness in enhancing
deep learning performance are demonstrated. Further research is expected to examine the geo-
graphical generalizability of the pattern and to explore various methods for integrating 2D and 3D
information in urban image analytics.
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