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Abstract—This paper introduces SideSeeing, a novel initiative 
that provides tools and datasets for assessing the built environ-
ment. We present a framework for street-level data acquisition, 
loading, and analysis. Using the framework, we collected a novel 
dataset that integrates synchronized video footage captured from 
chest-mounted mobile devices with sensor data (accelerometer, 
gyroscope, magnetometer, and GPS). Each data sample represents 
a path traversed by a user flming sidewalks near hospitals in 
Brazil and the USA. The dataset encompasses three hours of 
content covering 12 kilometers around nine hospitals, and includes 
325,000 video frames with corresponding sensor data. Additionally, 
we present a novel 68-element taxonomy specifcally created for 
sidewalk scene identifcation. SideSeeing is a step towards a suite 
of tools that urban experts can use to perform in-depth sidewalk 
accessibility evaluations. SideSeeing data and tools are publicly 
available at https://sites.usp.br/sideseeing/. 

I. INTRODUCTION 

In recent years, urban informatics and urban computing have 
opened new horizons for tackling a number of societal problems 
integral to urban planning and design (Marasinghe et al., 2023, 
Miranda et al., 2024, Wang and Biljecki, 2022) such as urban 
accessibility, risk assessment and mapping, climate change, 
and heat exposure. 

These data can be represented in various formats, for instance, 
visual data captured by video cameras, sound data captured 
by microphones, textual data extracted from region-related 
databases, and temporal data obtained from sensors in mobile 
devices. Real-world urban informatics scenarios are inherently 
multimodal, integrating these diverse data types to provide 
comprehensive insights. 

Despite the recent surge in urban-centric research, there 
remains a gap in the availability of comprehensive datasets 
describing urban public spaces, particularly those dedicated to 
pedestrians (Deitz et al., 2021). While some datasets may offer 
information about sidewalks accessibility (Park et al., 2020, 
Saha et al., 2019), pedestrian networks (Hosseini et al., 2023), 
sidewalk surface materials (Hosseini et al., 2022), there is a 
lack of fne-grained, ground-level data on sidewalk conditions 
that refect the lived experiences of their users. 

In this context, two initiatives developing frameworks and 
datasets in urban analytics are Urban Mosaic (Miranda et al., 
2020) and Footpath.ai1. However, both initiatives primarily 

1Footpath.ai is a company (whose website is https://footpath.ai) dedicated 
to creating maps from a pedestrian-centric perspective, focusing on walking 
infrastructure. 

concentrate on street-level image data, which may limit 
their ability to address the broader complexities of urban 
environments. Furthermore, integrating multimodal data has 
the potential to improve our understanding of accessibility in 
urban areas. 

To address this gap, we introduce SideSeeing, a novel initia-
tive based on multimodal data that provides tools and datasets 
for assessing the built environment. SideSeeing includes a 
framework for street-level data acquisition, loading, and analy-
sis. It also includes a novel dataset that integrates synchronized 
video footage captured from chest-mounted mobile devices 
with sensor data (accelerometer, gyroscope, magnetometer, and 
GPS). The dataset is focused on environments near hospitals, 
areas that are of particularly importance for public health and 
accessibility. As Seetharaman et al. (2024) note, gaining a better 
understanding of the built environment, particularly outdoors 
spaces, can provide key information to the design of accessible 
public spaces. By collecting synchronized data from multiple 
sensors and sources, including video, GPS, and IMU sensors 
available on mobile devices, we offer a multimodal dataset for 
analyzing urban environments and assessing accessibility in 
different contexts. 

The main contributions of this paper are: 1) A multimodal 
dataset composed of urban scenes representing sidewalks 
near hospitals, called SideSeeing Hospital Dataset; 2) An 
open-source Android application for collecting synchronized 
multimodal data using smartphones; 3) A novel taxonomy 
specifcally designed for characterize urban scenes focused on 
sidewalks; and 4) A Python library for loading and analyzing 
datasets created with our framework. 

II. PROPOSED SYSTEM 

SideSeeing follows a workfow (Figure 1) of data collection, 
preprocessing, visualization, AI model development, and infor-
mation analysis. A chest-mounted smartphone captures video 
and sensor data, focusing on ground-level urban scenes. 

Fig. 1: Workfow diagram showing the steps of SideSeeing 
from data acquisition to analysis. 

A chest mount holds smartphones during data collection, 
allowing for adjustable angles. Data is collected with ac-

https://sites.usp.br/sideseeing/
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celerometer, gyroscope, magnetometer, and GPS sensors, with 
1280x720 or 1920x1080 resolution video at 30 frames per 
second. 

For the data collection, we developed an Android-based 
application that utilizes Google’s sensor and camera frame-
works. The open-source application, named “MultiSensor Data 
Collection”, is publicly available2. It offers various settings 
that can be customized to a study’s specifc needs. For the 
SideSeeing Hospital Dataset, the data collection protocol 
involved defning a set of parameters, including walking paths, 
starting angles confgured in the mobile application, and device 
orientation. Subsequently, we will explain the rationale behind 
our choices for building the dataset using this protocol. 

A. Sidewalk Paths 

Initially, we mapped out the routes in the four cities where 
the project participants are located (Santos, Jundiaí, São Paulo, 
and Chicago). As one of our project goals is to provide 
information regarding accessibility, we chose to collect data 
near hospitals, facilities where improper urban access can 
severely affect people’s health. Through the Google Maps 
platform, we searched for bus stops and train or metro stations 
near the hospitals we had decided to cover. Each route starts at 
a public transportation stop and ends at the main entrance of 
a hospital (or vice-versa). The goal was to simulate a person’s 
route traveling to and from the hospital. Figure 2 illustrates two 
paths: one showing a path for a person walking from a hospital 
in Chicago, Illinois, USA to a public transportation stop (Figure 
2a), and the other showing a second path for a person walking 
from a public transportation stop to the hospital’s entrance 
(Figure 2b). 

B. Mobile Application Settings 

To facilitate adjusting the recording angle, the mobile 
application presents the angle value to the user before starting 
the data acquisition. The objective is to maximize the portion 
of the video showing the sidewalk. This confguration relies on 
using the default back camera of the device, which must have a 
wide enough feld of view to capture the entire sidewalk width. 
We aim to utilize only the available cameras on mobile devices, 
avoiding the need for additional hardware or specifc mobile 
devices (such as fsheye cameras). After a set of initial trials, 
we opted for an angle of approximately 70 degrees (relative to 
the ground, where zero degrees would be parallel to the ground, 
90 degrees would be perpendicular) to focus on the ground, 
ensuring optimal sidewalk capture during the recordings. 

Another parameter is the device orientation, which can 
be landscape or portrait. We tested both options, but in the 
context of the SideSeeing Hospital Dataset, we opted to use the 
landscape mode. We argue that by using the mobile application 
in this mode and with an adequate application angle, the video 
shows a greater level of detail and proximity to where the user 
is walking. Compounding with the other types of information 
collected by the mobile application, the potential to enrich the 

2https://github.com/rafaelpezzuto/multi-sensor-data-collection, accessed on 
June 10, 2024. 

(a) Route starting at a hospital. 

(b) Route ending at a hospital. 

Fig. 2: Example of routes traced for a person to walk between 
public transportation stops and a hospital in Chicago, Illinois, 
USA. The green marker represents the endpoint, and the red 
marker represents the starting point. 

analysis regarding the sidewalk tends to be greater, enabling a 
more detailed examination of the sidewalk’s surface material 
and conditions. 

C. Dataset Acquisition 

For data acquisition, we wore the chest support, confgured 
the device by activating its auto-rotation and localization op-
tions, opened the mobile application, and started recording. The 
procedure involves pausing for two seconds (approximately), 
walking along the planned route, and pausing for another two 
seconds. As shown in Figure 3, these pauses are particularly 
useful for post-editing steps based on the accelerometer data, 
such as video splitting. These exact steps were conducted for 
all the routes. 

To further illustrate sensor information from Table I, we 
present a plot of the gyroscope data in 4a. The yellow 
highlighted areas on the time series indicate a left turn made by 
the person recording the data. Similarly to the accelerometer 
case discussed earlier, this information is valuable for users 
to divide videos based on pedestrian movements. Figure 4b 

https://github.com/rafaelpezzuto/multi-sensor-data-collection


Fig. 3: Accelerometer data revealing pause (yellow regions) 
and walking periods during a walking path. These data points 
were extracted from a route recorded in Chicago, Illinois, USA. 

shows video frames corresponding to those moments when the 
pedestrian made turns. 

(a) Gyroscope data highlighted in yellow for the moment when 
the pedestrian turns left. 

(b) Video frames for the segment where the pedestrian turns 
left. 

Fig. 4: Gyroscope data revealing turns during a walking path. 
These data points were extracted from a route recorded in 
Chicago, Illinois, USA. 

D. Dataset Statistics 

The dataset includes 46 videos across 12 kilometers, focusing 
on sidewalk accessibility near hospitals in Brazil and the USA. 
Table II details the data collected. After video collection, 
we manually analyzed the footage to identify urban scene 
elements. Based on this analysis and recent studies (Duan 
et al., 2021, Gamache et al., 2017, Li and Loftness, 2021), we 
developed a two-level taxonomy of sidewalk characteristics, 
including pavement conditions, materials, obstacles, structures, 
and adjacent road types (Table III). A detailed description 
of the taxonomy development will be presented in a future 
manuscript. 

E. SideSeeing Python Library 

We also developed a Python library, “sideseeing-tools,” for 
data analysis. It synchronizes sensor, video, and GPS data, 
allowing for visualization and processing via various plotting 

functions. More details are available at https://pypi.org/project/ 
sideseeing-tools/. 

III. CONCLUSION 

SideSeeing provides a comprehensive framework for side-
walk assessment using multimodal data. The dataset, tools, 
and mobile app enable urban researchers to study sidewalk 
accessibility. Future work will extend data collection to other 
cities and explore applications in gait analysis and accessibility 
classifcation. 
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TABLE I: Files created by the MultiSensor Data Collection application for each collected instance. 

File Description 

consumption.csv Data related to power consumption 
gps.csv GPS data 
metadata.json Metadata such as the device settings and application settings 
sensors.one.csv Data from one-axis sensors 
sensors.three.csv Data from three-axis sensors 
sensors.three.uncalibrated.csv Data from three-axis sensors uncalibrated 
video.mp4 MP4 video fle including audio 

TABLE II: Total distance in meters, duration in seconds, number of routes, number of hospitals, total video frames, and total 
data points for Accelerometer (ACC), gyroscope (GYR), and magnetometer (MAG) across cities. 

Total Data Points 

City - Country Routes Hospitals Distance Duration Video Frames ACC GYR MAG 

Chicago - USA 25 3 5,865 4,616 175,847 580,758 29,124 303,137 
Jundiaí - Brazil 7 2 1,482 1,890 44,476 139,294 8,243 68,096 
Santos - Brazil 11 2 2,247 3,532 67,431 215,573 12,499 105,680 

São Paulo - Brazil 4 2 1,271 1,840 38,129 92,638 63,624 38,073 

All 47 9 10,865 11,878 325,883 1,028,263 113,490 514,986 

TABLE III: Taxonomy of sidewalks with two levels. Level one includes adjacent road types, obstacles, pavement conditions, 
sidewalk geometry, sidewalk structure, and surface materials. 

Level 1 Level 2 Level 1 Level 2 

Adjacent road type Motorway / highway 
None 
Residential 

Pavement condition Broken 
Corrugation 
Cracked 

Service Detached 
Obstacles Aerial vegetation 

Barrier 
Patching 
Pothole 

Bench 
Bike rack 

Sidewalk geometry Height difference 
Narrow 

Black ice 
Bus stop 
Car barrier 
Construction material 
Dirt 
Fence 

Sidewalk structure 
Steep 
Bioswale 
Curb ramp 
Footbridge 
Friction strip 
Grate 

Fire hydrant 
Floor standing board 
Garage entrance 
Ground light 
Ground vegetation 
Manhole cover 

Surface type 

Ramp 
Stairs 
Tactile paving 
Asphalt 
Bluestone 
Brick 

Newsstand 
Parked vehicle 

Coating 
Cobblestone 

Parking booth 
Person 
Pole 

Concrete 
Concrete with aggregates 
Grass 

Potted plant 
Puddle 
Rock 

Gravel 
Large pavers 
Red brick 

Snow Slab 
Telephone booth 
Traffc cone 

Stone pavement 
Tiles 

Transit sign 
Trash can 
Tree leaves 
Trunck 
Water channel 
Water fountain 
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RATIONALE 

Sidewalk conditions directly impact pedestrian safety and 
comfort, specially near hospitals, where individuals with diverse 
health conditions often pass. Well-maintained sidewalks also 
promote social inclusion and support the sustainable use of 
urban space. Through SideSeeing, we provide a framework for 
collecting and analysing sidewalk data using video and sensor 
from smartphones. This integrated data can empower urban 
planners with insights needed for informed decision-making. 
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