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Transforming CCTV cameras
into NO,, sensors at city scale for
adaptive policymaking

Mohamed R. Ibrahim%?*“ & Terry Lyons'>

Air pollution in cities, especially NO,, is linked to numerous health problems, ranging from mortality
to mental health challenges and attention deficits in children. While cities globally have initiated
policies to curtail emissions, real-time monitoring remains challenging due to limited environmental
sensors and their inconsistent distribution. This gap hinders the creation of adaptive urban policies
that respond to the sequence of events and daily activities affecting pollution in cities. Here, we
demonstrate how city CCTV cameras can act as a pseudo-NO, sensors. Using a predictive graph deep
model, we utilised traffic flow from London’s cameras in addition to environmental and spatial factors,
generating NO, predictions from over 133 million frames. Our analysis of London’s mobility patterns
unveiled critical spatiotemporal connections, showing how specific traffic patterns affect NO, levels,
sometimes with temporal lags of up to 6 h. For instance, if trucks only drive at night, their effects on
NO, levels are most likely to be seen in the morning when people commute. These findings cast doubt
on the efficacy of some of the urban policies currently being implemented to reduce pollution. By
leveraging existing camera infrastructure and our introduced methods, city planners and policymakers
could cost-effectively monitor and mitigate the impact of NO, and other pollutants.
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Cities house more than half of the world’s population!, which influence individuals’ behaviour? as well as their
physical®* and mental health®. Every day, hundreds of millions of people spend several hours commuting on the
spatial network of cities exposed to several risks, including air pollution. There is no dispute about the need for
developing a fundamental understanding of how, collectively, individuals move from one location to another in
their daily lives. This could be linked with pollution indicators to aid in emission reduction.

Nitrogen dioxide (NO,) is a major pollutant that can harm severely one’s health®™'%. NO, is formed by the
combustion of fuels such as natural gas, diesel, petrol, and coal, and it can be found in the air as a result of traffic
or a variety of land uses in cities, including industrial processes. NO, levels (measured in pg/m?) vary in major
cities worldwide'’. Several studies have mapped NO, emissions from space'*~2!, whether during pandemics'**
or after a policy is implemented!*!%223, While relying on satellite imagery is beneficial for many cases, including
understanding the change in emission over a long period or across several large cities!>1620:2224  the spatial and
temporal representations are often limited for understanding the dynamics of emission at a neighbourhood,
district, or even many of the cities globally. Consequently, a substantial knowledge gap exists in linking micro-
level events occurring frequently to their impact on emissions, thereby hindering the ability of policymakers to
take localised actions. The objectives of this study are as follows: (1) to what extent the existence of specific traffic
modes influences the surface NO, level, (2) what effect congestion and stationary modes have on the level of
NO,, and (3) whether there is a significant temporal lag between what happens in traffic now and its impact on
the future level of NO, at a given location.

Analysing urban dynamics at the street level through visual data can uncover details that may be missed when
when observing from space?’. Recent progress in deep learning for predicting traffic flow?® aids in estimating
pollutant levels in cities. Multi-modal sensor fusion has advanced by integrating data from various sensors
to improve environmental predictions?”. These techniques could enable air quality estimation by combining
CCTYV visuals with other sensor data. Effective sensor deployment is crucial for urban-scale monitoring to
ensure comprehensive coverage and reliable data collection?®. In this study, we introduce innovative techniques
that leverage statistical analysis and graph neural networks to sense ambient ground-level NO, concentrations
and their underlying factors using CCTV camera feeds on a citywide scale. This approach proves invaluable,
especially in cities lacking an extensive network of environmental sensors. It provides an automated means
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of detecting the concentration of NO, levels and their causes related to the dynamics of traffic, empowering
urban planners, and policymakers to actively monitor and respond to emerging issues in real-time, guided by
the dynamic flow patterns within cities. Our methodology offers a non-physical (hardware-free) solution for
monitoring ground-level NO, in urban areas where CCTV cameras are prevalent but NO, sensors are scarce, a
situation encountered in numerous cities worldwide.

Results

Multi-level spatiotemporal representation of traffic modes

To understand the influence of individual road users and their transportation modes on NO, ground-levels within
the city, adopting a bottom-up approach that details individual trajectories is crucial. This strategy is invaluable
for accurately assessing the real-time NO, concentrations at specific locations and times, as well as evaluating the
exposure that individuals face during their commutes. Previous research across various domains has explored
the use of human trajectories from GPS data for similar assessments?*->2. However, the limited availability of
such data and substantial privacy concerns complicate the widespread replication of these methods. Therefore,
it is imperative to discover alternative data sources that can accurately reflect traffic dynamics and roadway user
behaviours while preserving anonymity. Successfully identifying such sources is key to advancing this study and
enabling its future application across global urban landscapes to enhance our understanding of ground-level
NO, distributions and their impacts on public health.

We used an open-access video data set provided by Transport For London (TfL), which includes unidentifiable
human subjects and road users®>. We recorded and analysed 133,132,866 sequential frames representing 112
unique hours in 907 London locations. We recorded many features of road users by utilising deep learning
in our proposed framework. We refers to ‘flows’ as the movement patterns of road users captured by CCTV
cameras across different locations and times within the city. These flows represent the dynamic interactions
and traffic patterns, identified through the analysis of sequential frames in video data. By “flows,” we mean the
aggregated and continuous movement of vehicles and pedestrians detected and tracked through video footage.
This term encompasses both the spatial and temporal dimensions of traffic, enabling us to infer NO, levels from
the volume and behaviour of traffic over given periods.

Figure 1 illustrates the variables analysed and the structured hierarchy used to represent data for this study’s
various components. The data aims to depict diverse events and aspects of urban environments across different
spatial and temporal scales (Fig. 1A,C). For example, the spatial distribution of data derived from camera
streams does not necessarily match the spatial distribution of NO, sensors (Fig. 1B). Additionally, the temporal
characteristics of data sourced from cameras, static spatial features, and NO, measurements differ (Fig. 1C). Ata
micro-level of a given street, we extracted road users which were given a unique ID across the frame sequence of
a given video file of a time increment of a given hour. Afterwards, a unique traffic modal flow (o) for a given hour
is defined as where q is the different modal flows and F is the number of different video files representing time
increments of a given hour. At a city scale, the data is combined for each unique hour (H) of a given date (d) and
hour (t). The overall Spatiotemporal re}?resentations of the CCTV data (X) is structured as X € REXNXFXC
and the generated NO, Y)asY € RHXM \where H is the number of unique hours, N is the number of cameras’
locations, C is the number of features, including modal flows and locational urban features, and M is the number
of NO, sensors’ locations where M # N. The spatiotemporal representations of cameras’ data and NO, sensors
differ in position and temporal resolution, and they are aligned based on the sparse availability at hourly rates
of NO, sensor data. The static urban features of a specific site are combined with the aligned locations of both
sensor data. Time resolution remains as a variable depending on a given scale; moving from 0.04 s at a frame
level to 4 min in a trajectory level and finally to 1 h at an aggregate higher level. The construction of a non-linear
tree data structure allows for the insertion, search, and relocation of new branches over time. It also supports this
research by responding to stated questions that may require different spatial and temporal resolutions.

Traffic composition at micro-scale

To address how we can use high-frequency data (0.04 s) of the number of road users and their behaviour
(moving, stationary, etc.) to provide meaningful statements for NO, at an hourly city level, we must first collect
and understand the collective patterns of road users at a micro-level that derive the overall traffic in London.
We demonstrate, in Fig. 2, how to transform the sequential frames of a given video to spatial and temporal
representations of road users, and georeferencing their representation in a bird’s eye view map blended with
Google map. We determined the modal flows based on the monitored unique ids of road users through the
length of a given file to avoid re-counting the same users (Fig. 2B). Lastly, to provide a unique summary of the
observed sequence of the events of multidimensional streams of road users based on their types and behaviour
at a given camera, we computed a signature, based on rough path theory**-%, Sig" of depth N = 3 for a given
stream X € R™*/*e, given that n is the number of cameras (n = 906), f is the number of file increments
that make an hour of traffic modes (f = 11) and c is the number of channels for traffic modal flows and their
stationary status (c = 13). The collection of computed signatures for all cameras for a given hour is invariant to
path reparameterization. This provides (1) a natural characteristic of linear functionals, which only capture the
main aspects of the provided path by mapping the sequence of the stream’s information rather than mapping
the exact position of the path at each occurrence, and (2) the ability to retrieve the original stream of road users
and their behaviour from the lower-dimensional signature, minimising computational and memory footprint
(Fig. 2C).

The effect of location and environment on ground-level NO,
Geographical factors, such as the proximity to farmland, industrial zones, or various land uses, significantly
influence traffic patterns and, as a result, levels of NO, (See Fig. 3A). To investigate the spatial relationship
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Fig. 1. Multi-level representation of all data sources. (A) The six layers of factors presented in this research. (B)
The spatial representation as graph of knowledge of the camera (red nodes) and NO, (blue nodes) inputs. The
locations of the cameras and NO, sensors do not need to align. The figure was created by the first author using
Python programming language (using geopandas and matplotlib). (C) The multi-level representation of the
studied data modalities shows several spatial and temporal resolutions in which different data modalities are

aligned to conduct this research.

between NO, and traffic, we developed a hot spot analysis to cluster total traffic and NO, levels based on the
spatial dependency of neighbouring high or low values, yielding statistically significant clusters (p < 0.05) of
spatial outliers. Here, we show a spatial lag when examining the locations of hot spots for both variables at a

given time (See Fig. 3B,C).

We observe a spatial lag which could be attributed to confounding variables related to environmental factors
such as rainfall, wind speed, and direction that either concentrate or disperse emissions from their sources.

Moreover, the observed spatial lag may also be linked to the lifetime of N

(@) 20,37-42
2

, which introduces a temporal

delay between traffic emissions and the resultant ground-level concentration of NO, detected in a specific area.
We will further investigate this in the following section by relying on Granger Causality analysis, which helps
in understanding and measuring the delayed effects of traffic emissions on NO, ground-level concentrations.
However, as a first step, we used a spatial two-stage least squares model to investigate various variables related to
geographical characteristics, environment, and day of the week (See Fig. 3D). We discovered that proximity to
industrial zones within one mile (3 = 2.156, p = 0.000), boroughs within Ultra Low Emission Zones (ULEZ)*
(B =3.075, p = 0.000), wind speed (8 = 2.843, p = 0.000), sun hours (8 = 6.438, p = 0.000), rainfall
(8 =43.571, p = 0.000), South West winds (8 = 6.761, p = 0.0001), congestion (5 = 0.060, p = 0.000),
and the change in atmospheric pressure (8 = 3.243, p = 0.000) are more likely to contribute linearly to the level
of NO, at a given location. Conversely, the number of wet hours in a given day (3 = —33.782, p = 0.000), the
change in average temperature (8 = —2.486, p = 0.000), North Eastwind (8 = —26.877, p = 0.000),average
speed limit of a given road (8 = —0.042, p = 0.000) and proximity to farmland (8 = —0.805, p = 0.0013)
are negatively linear with the emission. We further investigate the temporal dependency of traffic modes within

a given hour of the day.
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Fig. 2. Capturing the order of events from micro-level to city-scale (A) Shows (1) sequential frames of a given
video file at Piccadilly circus in London as an input of one given CCTV camera, (2) vector representation of
road users in an estimated bird’s eye view map with Google Maps to validate the geographical localisations

of road users, and (3) temporal representation of road users within a given file based on the tracked system.
(B) The relationship between hourly observed traffic flow data and the unseen temporal intervals among
various file increments representing the stream of paths X € R("X*X¢)_ given that n is the number of cameras
(n = 907), t is the number of file increments that make an hour of traffic modes (¢ = 11) and c is the number
of channels for traffic modal flows and their stationary status (¢ = 13) (C) The tensor representation of the
generated paths with all its channel and their unique computed signatures (Sig™ , N = 3) that summarise the
paths of varied traffic modal flows and their actions in a given scene.

The effect of time and the dynamics of traffic modes on ground-level NO,

Given the relationship between NO, levels and total traffic is nonlinear at all times and locations (See Fig. S2-A in
supplementary), modelling NO, ground-levels requires considering the entire urban landscape as an integrated
dynamic system. This approach is especially pertinent because air pollution tends to diffuse and is influenced
by numerous factors, such as wind speed, direction, existing green spaces, and proximity to industrial zones or
farmlands, in which we have studied. These elements collectively contribute to a nonlinear impact on localised
NO, levels within the network.

Moreover, NO,’s behaviour in the atmosphere adds another layer of complexity to this topic. NO, can have
variable lifetimes in the air, ranging from a few hours to a whole day depending on meteorological conditions
and the presence of other chemical species?®*’~*2, During daylight hours, UV light from the sun can drive
photolytic reactions that convert other nitrogen oxides such as NO into NO,, further altering the dynamics of
air quality. This chemical interplay indicates that emissions and concentrations of NO, are fluid, changing not
just with traffic flow and industrial activity, but also with the shifting patterns of sunlight and weather.

Despite the complicated dynamics influenced by environmental and chemical processes, there is a
discernible linear relationship between NO, and types of traffic observed over the course of a day at specific
camera locations. This linearity in smaller, more controlled environments suggests that while broader city-wide
models must account for complex inter-dependencies and nonlinear behaviours, localised predictions and
assessments can successfully utilise simpler linear models. This dichotomy highlights the need for a layered
approach in environmental monitoring and management, blending both detailed, location-specific data and
broader, systemic perspectives to form a comprehensive understanding of urban air quality.

Building on this, the temporal dynamics play a crucial role in analysing the patterns of NO,. To dissect
how each factor influences NO, levels at distinct times, we implemented two distinct statistical methodologies.
Firstly, we employed a spatial regression model for each hour of the day, resulting in 24 unique models. This
method helps identify the direct impact of various factors on NO, levels at specific hours. Secondly, to explore
how each factor may influence future levels of NO,, we developed a Granger Causality analysis model for each
factor (8 models in total). This technique is particularly useful for pinpointing significant temporal lags and
understanding the predictive relationship between the factors and subsequent NO, concentrations. These
approaches allow us to identify not only the immediate effects of factors on NO, levels but also their delayed
impacts, thus providing a more comprehensive understanding of the temporal dynamics at play. This layered
analysis ensures a more nuanced insight into the cyclic and predictive behaviours of NO, in relation to traffic
and environmental influences.
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Fig. 3. The spatial patterns of NO, and traffic at city-scale. (A) The association between the studied variables
relies on Pearson’s correlation. (B) Hot spot analysis using significant Moran’s I z-value (P < 0.05) to highlight
the outliers of NO, across different hours of the day (the rest of the 24 h are presented in supplementary). (C)
Hot spot analysis using significant Moran’s I z-value to highlight the outliers of total flow across different hours
of the day. (D) Statistically significant results (p < 0.05, r? =04, spatialr2 = 0.23,and df = 88,020) of the
spatial two-stage least-square model, variables are shown based on the sign and weight of their 3 value.

Furthering our understanding of the temporal dynamics, Fig. 4 shows a novel visual representation of the NO,
clock, showcasing statistically significant linear relations between certain factors and NO, levels, characterised
for each hour of the day. This graphical display helps to encapsulate NO, levels and the main associations
observed: for instance, trucks exhibit a consistent linear correlation with NO, during midday, night, and the
early hours of the morning. In contrast, buses tend to influence NO, levels predominantly during the morning
and afternoon peak traffic periods. Stationary cars contribute to air pollution during the peak morning hours
around 10 am, and their influence extends into midday, primarily while idling in traffic jams. This is different
from other periods when stationary vehicles, mainly parked, have little or no impact on pollution. During busy
traffic, however, the idling of these cars significantly elevates NO, levels. Expanding on these observations, the
data also reveals that stationary buses notably contribute to NO, during the morning rush hours (8-9 AM).
Furthermore, locality factors such as proximity to industrial areas (within a one-mile radius) demonstrate a
substantial effect on NO, concentrations during specific times-specifically in the evening (7-8 PM) and early
morning hours. These insights underscore not only the diverse temporal relationships between different vehicles
and NO, concentrations but also illuminate the role of geographic and stationary factors in influencing air quality
at different times of the day. This level of detail enriches our understanding of urban air pollution dynamics and
highlights the critical interplay between temporal, vehicular, and locational determinants in shaping urban NO,
levels.

Expanding on the analysis of significant temporal lags where specific traffic modes influence and Granger-
cause future NO, levels, our data demonstrates that the time series of each traffic mode Granger-causes the series
of NO, with notable statistically significant lagged values. For instance, car flows are likely to Granger-cause
NO, levels with lag times ranging from 2 to 6 h, varying by location. Meanwhile, stationary cars manifest a more
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Fig. 4. NO, clock. It shows the hourly average levels of NO, and the factors influencing these levels, based

on a spatial regression model for each hour. It features three concentric circles: the innermost represents the
average NO2 concentration per hour, the middle circle shows factors negatively correlated with NO,, and the
outermost highlights positively correlated factors. Each factor’s influence is quantified by a 3 value, indicating
its effect size relative to the hourly covariates, factors, and overall impact on NO,. All 3 values are standardised
across all hours. For simplicity and clarity, the figure displays only four variables, although the full model
considers a more extensive range of variables detailed in Table S1.

immediate impact on NO, concentrations, typically with a 2-h lag. In terms of heavier traffic elements, congested
traffic flows and stationary buses exert a more prolonged effect on NO, levels, showing significant impacts at
lags of 5 and 6 h. Stationary trucks, on the other hand, show a swift influence with only a 1-h lag, suggesting
their emissions rapidly integrate into the local atmosphere. Conversely, moving trucks have a more extended
influence, where the current flows can predict NO, levels up to 5 h into the future. These findings are also linked
to the chemical behaviour of NO, in urban air. The timeline of influence observed ties back to the variable
atmospheric lifetime of N022°’37’422, which can differ from several hours to a full day, influenced by ambient
conditions such as sunlight and temperature. Solar radiation promotes the photolytic cycle that converts NO to
NO,, fundamentally affecting how quickly emissions from traffic transform into atmospheric NO,. Therefore,
the timing of traffic flows and their characteristic effects on NO, can directly correlate with these natural diurnal
variations, reinforcing the need to consider both chemical kinetics and traffic dynamics when analysing urban
air quality patterns. This multi-faceted approach provides a richer, more accurate depiction of NO, ground-level,
particularly in dense urban environments where traffic and industrial emissions often overlap.
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The impact of policies on the dynamics of ground-level NO,

Not only do factors connected to place and time have a significant impact on NO, levels, but so do the measures
and regulations implemented in London driven by specific location and time. According to our Granger analysis,
the effect of traffic in a given location on the level of NO, can appear after several hours, we found that limiting
certain traffic modes, such as trucks, under certain policies (i.e. London Lorry control scheme35) may not be an
effective measure for controlling NO,, especially in residential areas, given that if the traffic of heavy lorries and
trucks is concentrated at night times, its effect will still appear in the morning peak hours when the majority of
people are travelling.

Finally, there is still less than one percent of electric cars in London compared to petrol cars, implying that
their positive effect on reducing NO, levels is likely to be negligible when compared to the entire number of
existing petrol and diesel automobile flows. Furthermore, there are still a small number of electric trucks and
buses, which we believe, along with stronger steps to restrict emissions from industrial zones, are more likely to
cut NO, levels in London.

Transforming CCTV cameras into NO, sensors with a graph-to-graph neural network

Building on our understanding of the complex spatiotemporal dynamics of NO, levels, we are faced with the
challenge of deducing these levels from the complex and nonlinear interactions among various variables. To
address this, we developed a Graph-to-Graph deep model using deep learning***, specifically geometric deep
learning®®=>", to learn the presented spatiotemporal links and other latent ones that could contribute to the level
of NO, at a given location while accounting for the dynamics of the entire network, traffic flows in London, and
fluid dynamics derived from wind direction and speed. Figure 5A shows the overall conceptual framework of
the developed pipeline to forecast NO, in London using hourly traffic modal flows in London. The introduced
framework also integrates additional secondary data such as weather conditions and spatial features, among
other variables (See Fig. S1 in supplementary). The developed model learns in semi-supervised settings from
both the states of a given node represented in terms of traffic flows for each mode and the links between nodes
represented in their adjacency and their potential influence elsewhere.

Given that the positions of both cameras and environmental sensors are not constrained to one another (as
previously shown in Fig. 1B), the stated problem shifts from identifying regressor values on the same graph to
generating a whole graph of a different adjacency matrix than the one given as an input. It is important to note
that we used a weighted graph in which fewer links for traffic modes are identified based on the number of
nearest neighbours to mimic the actual spatial network, whereas, for the graph of environmental sensors, we
used a fully-connected network because air can diffuse freely from one location to another without the spatial
constraints of a given network. The model was able to learn to create spatially distributed NO, values, resulting
in a surface of NO, concentration over London at a given hour, using the described method (See Fig. 5). We also
trained several models to assess our method (refer to the methodology section and Table S5).

Discussion

Monitoring the dynamics of the environment and tracking the progress of environmental policies remains a
difficult but critical issue in achieving urban sustainability. In this study, we demonstrated how CCTV cameras
and autonomous vision systems using artificial intelligence can aid in monitoring NO, levels and evaluating
our daily activities in cities that are substantially linked to different NO, levels. We demonstrated how human
behaviours related to urban mobility and choice of mobility mode can influence the level of NO, differently
depending on the dynamics of location and time. We presented novel analyses and insights into the multifaceted
nature of the stated issue, such as the impact of time, location, natural and built environments, and urban policies.
We demonstrated how CCTV cameras and additional spatial data can be utilised to infer NO, levels at the city
scale when environmental sensors are unavailable or have sparse coverage when they exit. This technology could
benefit numerous cities around the world that lack the infrastructure to monitor pollutants.

Based on this research, various learning lessons and policy implications can be applied to London and other
cities across the globe. When it comes to decreasing emissions in cities, the majority of urban policies rely on
(1) locational restrictions, (2) temporal constraints, or (3) a combination of temporal and locational constraints.
Our findings suggest an alternative approach for developing environmental legislation that considers overall
emissions across all locations and times of day. We demonstrated that there are temporal lags between current
traffic and their impact on future NO, emissions. This implies the need for new policy reform that considers a
minimal overall emission during different hours of the day rather than temporal constraints and concentrating
unwanted traffic at a given time of the day. Given that our findings suggest that if trucks, for example, only drive
at night within the inner parts of the city, their impact on emissions will be more likely to appear in the morning
(with a lag of up to 6 h), where more people may be affected.

Limitations

There are still data uncertainties in big data, particularly video streams, making the presented traffic counts
an approximation of day-to-day operations in Greater London. These uncertainties stem from factors such as
camera field of view, obstruction, or biases due to the chosen locations for sensors®!. Effective sensor deployment
is essential for urban-scale monitoring to ensure comprehensive coverage and reliable data collection; however,
this study assumes both cameras and NO, sensors are provided and does not cover sensor placement. The
placement of CCTV cameras can introduce biases into our NO, predictions. Cameras are typically located in
high-traffic areas, which may not fully represent overall urban air quality. We have discussed this limitation and
the measures taken to mitigate its impact. As a result, we considered numerous strategies such as recognising
outliers and data stationary wherever it is acceptable for a certain method. Furthermore, many features derived
from data tend to follow rational thinking of patterns that are predicted to be shown, according to descriptive
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Fig. 5. Graph-to-Graph model to predict NO, surface at a given time from camera feeds. (A) The overall
method for the developed a signature-based graph neural network to generate a surface of NO, ground-level
from camera inputs. The arrows represent the flow of information from the CCTV footage to the prediction

of the NO, ground-level. (B) A scatter plot for the actual and predicted data for all sensor locations and all
dates. (C) The results of training and validation loss and evaluation metrics for training and validation sets.
(D) A scatter plot for the actual and predicted data for all sensor locations and all dates. (E) NO, prediction for
different hours of the day, aggregated at a borough level. This figure is created by the first author using python
programming.

analysis. For example, cars contribute to traffic congestion but not bicycles, the two traffic peaks of a given day
when the total flow is distributed throughout all hours of a given day, and the negative relationship between
cycling and the level of NO,, among other things.

While the presented models require minimal inference time (< 0.1 s) to generate NO, at a given hour, it is
critical to understand the centralised computational requirements for computing and extracting traffic flow data
from CCTYV video feeds at scale. The supplied data across all cameras and all days were retrieved using 84 days
of computing on a single GPU. Accordingly, finding alternative solutions to minimise the time for deployment at
a scale of a given city is necessary. Two approaches can be used to do this: (1) learning the complete traffic flow
at a city level for a given time from only fewer camera inputs, and (2) decentralised computations at the edge
by relying on Al-enabled cameras that deploy lightweight models on minimal hardware sensors. This method
might enable real-time NO, data processing and inference, as well as proactive sensing of its determinants at any
given time and place.

Scientific Reports |

(2025) 15:3640 | https://doi.org/10.1038/s41598-025-86532-8 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Methods

Our study enhances CCTV-based analysis and NO, monitoring by demonstrating the use of existing
infrastructure for environmental sensing, which is especially beneficial for cities with limited access to specialised
air quality sensors. Our method can be implemented in other cities with a sufficient number of CCTV cameras.
For city-wide NO, prediction, our model utilises traffic data extracted from cameras, along with environmental
and locational factors, and the computed signature of this data to predict city-wide NO, levels. The camera and
NO, sensor locations do not have to coincide, providing flexibility in applying and transferring this method
to any location. The input data comprises traffic data extracted from CCTV camera footage, including various
road users’ modal flows and their stationary statuses. Additionally, we included environmental factors such as
average wind speed, wind direction, wet hours, sun hours, rainfall, average pressure, average humidity, average
temperature, and proximity to industrial zones. The ground truth data for training and validating our models
were sourced from hourly NO, sensor measurements across multiple locations within London. The target
features for our models were the NO, levels, either at specific sensor locations or across a generated surface for
city-wide prediction. By integrating the computed signature of the traffic data with locational and environmental
features, our models provided accurate predictions of NO, levels, demonstrating the feasibility of using existing
CCTV infrastructure for environmental monitoring and policy-making. Here, we describe the materials and
methods utilised to develop this research.

Here we describe our materials and the different methods utilised to develop this research.

Materials
All raw data sources can be accessed online.

1. London CCTV data We collected video streams that represent 892 unique camera locations across London
for 56 different hours of scattered days in the year 2021. This data includes 65,493,858 sequential frames, in
which the total data or a subset of it has been used for different analyses represented in the paper. We also
collected additional video data for a given camera (ID) for a given hour (12 am-1 pm) across all the days of
the year to show the seasonal dynamics of traffic patterns. The data can be accessed via API permissions from
Transport for London (TfL).

2. Hourly NO, data We extracted hourly N02 data of 144 unique sensors that link to the extracted video hours.
The raw data can be accessed through an API from London Air: https://www.londonair.org.uk/london/asp/
annualmaps.asp.

3. Weather data We linked the camera and NO, data to the weather day based on a day resolution. We included
nine variables as a representation of the environmental conditions of a given day. This data, includes (1)
average wind speed, (2) wind direction, (3) wet hours, (4) sun hours, (5) rainfalls, (6) average pressure, (7)
average humidity, (8) average temperature, and (9) average feels like temperature. The raw data can be ac-
cessed from: http://nw3weather.co.uk/wxdataday.php?vartype=wmean&year=2021.

4. Spatial data We used GIS shapefile data for the spatial representations of London’s boroughs, spatial network,
and the boundary of the city. The spatial network data included (1) whether a given street is two-directional,
(2) average speed and (3) the type of the street. The raw data can be accessed from Greater London Authority:
https://data.london.gov.uk/dataset/statistical-gis-boundary-files-london.

5. Car flows based on engine types To evaluate the percentage of electric cars to petrol and diesel ones in each
borough, we used the traffic flow data provided by London Council. This data is used for statistical analysis to
account for the ratio of cars based on the engine types that we observe in CCTV cameras at a given location.
The data is entitled: “laei-2019-major-roads-vkm-flows-speeds” and can be accessed from: https://data.lond
on.gov.uk/dataset/london-atmospheric-emissions-inventory-laei-2019.

6. Proximity to industrial zones We used Strategic Industrial Location Points to calculate a buffer zone of 1 mile
and account for the camera’s locations that are within this zone. The raw dataset can be accessed online from:
https://data.london.gov.uk/dataset/strategic-industrial-location-points-london-plan-consultation-2009.

Extracting road users from video streams

To extract the six types of road users from video streams and their relevant information, we used a deep learning
framework that comprises multiple deep models including, You Look Only Once (YOLO) architecture®®™.
Particularly, we relied on YoloV5m® coupled with DeepSort architecture® to detect and track road users
throughout a given video file. DeepSort architecture is built on a deep learning model with Sort algorithms®® to
account for object occlusion. We used a pre-trained weight of YOLOV5m model trained on COCO dataset™.
It's worth mentioning that computing this data and transforming it from raw video streams to vector data took
almost 18 h for analysing one hour across all cameras for a given day (84 days in total) on a single GPU.

Projecting road users in a bird’s eye view map
Transforming moving objects from CCTV footage to a top-view perspective is crucial for accurately analysing
and verifying various traffic factors. This perspective allows for the consistent identification and tracking of
road users, regardless of obstructions within the camera’s field of view. By projecting the traffic data onto a bird’s
eye view, we can effectively distinguish between stationary and non-stationary road users, offering a clearer
and more precise understanding of traffic dynamics. Additionally, this transformation ensures geographic
consistency when integrating data with mapping services, enhancing the overall spatial accuracy of our traffic
flow analyses. This step is integral to mitigating common issues associated with perspective distortion in street-
level imagery, ensuring reliable data for predicting NO, levels.

We relied on the TopView framework to transform objects from the camera view to the bird’s eye view
without knowing the camera models that include both intrinsic and extrinsic parameters®. The framework relies
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on a deep learning model to detect the vanishing point (VP) in a given scene, whereas four points in the camera
view can be automated and correspond to four points in world coordinates and accordingly to a bird’s eye view
map based on geometric transformation and homography®®-°!. We used the VP model and paired points in the
two views to determine the homography matrix H as follows:

ziyi | = H |y, 1)
Zi 1

where dst (i) = (z7, y;), src(i) = (x4, ¥:), 1 = 0,1, 2, 3.

Given that src and dst are the coordinates of the quadrangle vertices in the camera view and world coordinates
respectively, (z;,:) and (x}, ;) are the paired coordinate points in the camera and the bird’s eye view planes
respectively and H is the transformation of the homography matrix that is computed as:

hoo h01 h02
H = |hio hi1 hi2 (2)
h2o ha21 haa

Given that H is calibrated based on the four paired points that are produced by the camera and top-view planes,
respectively. And therefore, the detected object in the camera plane may be changed into the top-view plane by
resolving H. For further explanation, see the full explanation of the TopView method®2.

Tokenizing road users and counting flows

To detect modal flows, we first tracked road users in a given file, where each road user has a unique ID, and then
the number of road users is counted throughout the file. The road users are vectorized based on their tracked
ID data and visualised based on when they appear and disappear in the video files while keeping in mind that
multi-dimensional data, such as stationary status, road user categories, and trajectory line in the bird’s eye view,
has been retrieved.

Ranks of traffic composition

We estimated the ranks of traffic composition by separating the total counts into unique values that indicate
nodes (n = 1, n = 2, etc.) to grasp the collective behaviour of road users from the local site of all cameras
to the city scale. Following that, we computed the unique patterns across each node value (i.e., in the case
of n = 2, the possible scenarios are vehicle and person, car and car, etc.) and assigned a unique id to each
unique pattern. Instead of summing the counts for each mode, we sum the structure at the city level, for example
(1-1 + 2-2 + 3-1) up to the number of files.

Granger causality
Granger causality®*-% is tested in the context of linear regression, and it is significant when the previous values of
a given variable X contribute to the forecasting of the current value of variable X> or vice versa. By considering

a bivariate autoregressive model for these two variables:

P p

X1(t):ZAM,J’Xl(t—j)+ZA12,jX2(t_j)+€1(t) (3)
j=1 j=1

Xg(t) :ZAzLle(t—j)+ZA22,jX2(t_j)+52(t) (4)
j=1 j=1

given that p represents the number of lagged observations in the model order. The matrix A comprises the
coefficients of the model such as the contributions of each lagged observation to the predicted values of X (t)
and X5 (t), and 1 and £2 are the model residuals for each time series.

If the coefficients in A1z are all considerably different from zero, then X3 (t) Granger causes X (t). The
model significance is tested by computing an F-test of the null hypothesis that A2 = 0, assuming that the
stationarity of the covariance on X (t) and X2(t). The logarithm of the associated F-statistic can be used to
determine the size of a Granger causality interaction®”-3.

According to the Granger test, it is worth mentioning that causality is evaluated on the grounds that (1) the
cause precedes the effect and (2) the cause has specific knowledge about the potential outcomes of its impact. To
demonstrate the significant findings of Granger testing, we show the results of four parameters, including the
parameters for the F-test and ssr-F-test which are based on the F-distribution and the parameters for the ssr-
based chi-squared test and the likelihood ratio test, which are based on the chi-square distribution.

Spatial weight

Using the K-Nearest Neighbour weights technique®, we estimated the spatial weight matrix (w;;, ) between the
various camera sites at a particular time (t). It is a set of neighbours defined by distance-based weights based
on (K) observations. We investigated several (K) values and found that 10 was the best approximation of the
number of neighbours where the different camera locations closely matched the actual spatial network. We
computed a dynamic spatial weight that differs based on the point representation of a given time. We utilised
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the estimated spatial weight in many analyses, including spatial clustering, the spatial regression model, and the
Graph model.

Spatial clustering and outliers detection

We computed statistically significant spatial clusters and hot-spot analysis based on Local Moran’s’%”L. If the
value of I is positive, it means that a feature is part of a cluster and that it is surrounded by other features that
have similar attributes that are either high or low. A negative value for I implies that an outlier feature has nearby
features with values that differ from its own. For the cluster or outlier to be regarded as statistically significant,
the p value for the feature must be low enough in both cases.

i—X) & _
Iz-:(xs% Z wij (z; — X) (5)

J=1,j#1

Given that x; is the attribute for feature i, X is the mean for the corresponding attribute, w;; is the spatial weight
between feature ¢ and j.

n S\ 2
Zj:l,j;ﬁi (Ij - X) (6)

57 =
' n—1

Given that n is the total number of features.
The Z-score for the statistics is defined as:

5 _ Li—EL]
E[L] = _Lsmg (8)
n—1
VL] =E[I}] - E[L]? 9)

Spatial regression model

Given the geographical dependency of the observed variables, we employed a spatial regression mode rather
than a simple regression model to assess the statistically significant links between NO, levels and the various
values of road users and the built environment. We explored three different approaches in which spatial weight
can be applied including, the spatial dependency model, spatial error model, and spatial lag model. First, in
the spatial dependency model, the previously computed spatial weight w;; is accounted in the model as an
additional independent variable as follows:

log(P)) =a+ X+ WX~vy+e (10)
P P N

log (Pi) = o + ZXz‘j/J’j + Z Zwﬂjk Tk + € (11)
k=1 k=1 \j=1

Second, in the spatial error model, we account for the spatial dependence in the model residual as follows:

172,73

p
log (P;) = OH—Zszﬂk + i (12)

k=1
i = )\ulag—z' + & (13)
>\ulag—i = Zwljuj (14)

J

Last, the Spatial lag model can be computed as:
p
log (P;) = a+ plog (Puag—i) + Y _ Xkifhk + & (15)
k=1

NO, surface construction from points
We also relied on the triangulation method to generate a 3D surface from the sensors’ unique locations by
creating triangles by specifying their corners based on three given points.

Signature of paths
This research is concerned with multi-level temporal scales that go from the temporal representation of a
certain sequence of a video file at a given location to the hourly temporal representation of video files that
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can correspond to the temporal scale of NO, Data. As a result, in addition to depending on a straightforward
strategy of summing the data increments of a given hour at a specific site, we relied on rough path theory and
path signature®*3¢74-76 to summarise the multidimensional temporal representation of the presented data. As a
result, we developed a method for summarising the key patterns within the video increments of an hour without
losing the raw data relying on signature due to its invariance to reparameterisations. The truncated signature of
a path 7 at a given depth IV at a given hour is defined as:

N
Sap (1) = D Siu(7).  given that STy (3) = — (w —7a)® (16)
n=0

The signature transform given that Sig" = S(R%) — H::]:l (R4®™ is computed as:

. d, d
S1gN(X):(/ d—i(tl)®...®di;(tn) dtl...dtn> (17)
0<t1 <+ <tn <1 1<n<N
for1<n<N (18)
The log signature of 7, is defined as:
N
(_1)71’_1 an ®n
log S5 () =P ——— (Sis ()" (19)
n=0
N
given that Sp ,(y) = 1 and Sup (7¢) = @ Sab(7e) (20)
n=1

Graph model architectures

We developed an undirected weighted Graph G(V, E, A, w), where V is the set of nodes with |V| = N is the
number of nodes, F represents the set of the edges of the graph, A is the adjacency matrix and is an N x N
sparse matrix, and w;; represents the adjacency matrix between node v; and v;. A graph signal f : V= R
represents a function defined on the vertices of a graph G which maps every vertex v;;—1,. . n to a real number
fi. The graph signal f can be projected to the eigenvectors of the Laplacian matrix L and by assuming that ),
and 1y are the l;, eigenvalue and eigenvector of the Laplacian matrix L, the graph Fourier transform f of the
graph signal can be defined as:

N

GFfIN) = F ) = (fom) = > f@)ui (i), given that pi = 1)

i=1

In the context of graph®>47, the convolution operation between two functions f and g can be applied by relying
on graph Laplacian eigenvectors and can be defined as:

Z

—1

(f*g) =IGF[GF[f]-GFlgll, (f+g)(i)=Y f(\)g(\)pm() (22)

=0

The Graph model comprises Lth graph convolution layers, in which each layer constructs an embedding for
each node by fusing the embeddings of the neighbours of a given node from the previous layer as follows:

0+ A/X(Z)W(l), x+D _ o (Z(l+1>) (23)

given that X' € RN*FI represents the embedding of the I-th layer for all N nodes, X(*) = X, A’ is the
weighted and normalized adjacency matrix, W) € RF1>Fi+1 js the feature transformation matrix that will be
learned, and o (-) is the activation function for which we implemented an element-wise ReLU.

We also used a Graph Attention layer?t, given an input of a set of node features h = {hi, ha,..., hnx},
h; € RY where F is the number of features in each node. The layer outputs a new set of node features
F',{h},hj,...,hiy}, h; € R*”. The linear transformation of the layer is applied to each node, parameterised
by a weight matrix, W € RY" *¥, in which a shared attentional mechanism is performed on the nodes to indicate
the importance of features in a given node j to node ¢. Their attention coefficients are defined as:

ei; = a (Wh;, Wh) (24)

The attention mechanism a can be defined as a single feedforward layer, parametrized by a weight vector
a € R?F, activated by a LeakyReLU nonlinearity, its coefficients can be defined as:

Scientific Reports |

(2025) 15:3640 | https://doi.org/10.1038/s41598-025-86532-8 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

exp (LeakyReLU (a” [Wh;||Whj]))

S e, oxp (LeakyReLU (a7 [Wh; [WH]) )

Q5 =

Given that || represents the concatenation operation and .7 represents transposition.
We have experimented with both graph layers, in which we have trained multiple models for two different
tasks that take different inputs and generate different outputs, as follows:

Task 1: estimating the NO, surface for alglven hour from traffic flows data

This model takes an input X where X € R and generates NO, levels across London for a given hour
Y)asY € RT*M where H is the number of unique hours, N is the number of cameras’ locations, C'is the
number of features, including modal flows and locational urban features, and M is the number of NO, sensors’
locations where M # N.

Task 2: estimating NO, at a given location from the graph knowledge of traffic flows
This model takes an mput X where X € R”*N*% and generates NO, concentration at a given location for a
given hour (Y)asY € R, where H is the number of unique hours, N is the number of cameras’ locations, C'
is the number of features, 1nclud1ng modal flows and locational urban features.

Further results for all models and their hyperparameters are provided in supplementary, in Table S5.

Training objective loss
We trained our models based on mean squared logarithmic error (MSLE), defined as:

Loss = (log(x + 1) — log(y + 1))* (26)
Given that z and y are the true and predicted values of NO, levels of a given location at a given hour.

NO, model validation metrics

Furthermore, we computed different metrics to compare the results of the trained models and to validate their
performances. We calculated Kullback-Leibler divergence, or known as relative entropy denoted as D 1. (P||Q)
and is defined as:

Dir(PlIQ) = Y P(x) <Ez;) (27)

zeX

given that P and @) are two discrete probabilities distributions on the same sample space X representing the
distributions of true values and predicted ones. Second, we computed mean absolute error (MAE), known as L1
loss, and is defined as:

oy —
Liey) = 20 2] @s)

given that y;, z; are the predicted and true values of NO, levels respectively, and n is the batch size.

Training setup and implementation details

We report on 20 models with different hyperparameters and architecture (See Table S5 in supplementary). All
models are trained based on the input of the normalized numerical values of traffic flows and categorical values
of all factors explained previously after being factorised and transformed into dummies. However, they vary, in
terms of input, based on whether (1) the computed signature is included as an input, (2) the adjacency matrix
of the NO, sensor data is included, besides the adjacency matrix of the CCTV cameras and (3) the number of
nearest neighbours when computing the edge or the adjacency matrix. To account for the current state-of-the-
art baselines, we trained different architectures as follows:

Graph attention model

We trained several models based on the architecture of three graph attention layers, in which each layer comprises
6 attention heads and each computing 907 features, followed by an ELU nonlinearity layer. The final layer is used
to output NO, values, containing 1 feature (in case of inferring a NO, value for a single location) or N features
based on the number of NO, sensors (In case of inferring spatially distributed NO, values or inferring traffic
flows in N cameras), followed by activation of a logistic sigmoid function. We applied dropout”’” within the
three-layer blocks to avoid over-fitness. We trained the models based on a batch size of 8 graphs for 100 training
cycles (epochs). All models are initialized by Glorot initialization’® and trained to minimise the introduced loss
function based on Adam stochastic gradient descent optimiser’?, with an initial learning rate of 0.01 and an early
stopping strategy based on the validation loss, with patience of 20 epochs.

Graph convolution model

Similar to the graph attention model we trained a graph model based on three graph convolution layers instead
of the graph attention model. We followed a close implementation of the originally introduced method and
best practice guidelines to provide a baseline?>. All models based on graph convolution are trained based on
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hidden units of 50 features and a dropout of 0.5. The models are trained based on a batch size of 64 using Adam
optimiser, with an initial learning rate of 0.01 and an early stopping strategy based on the validation loss, with a
patience of 20 epochs.

Multi-branch graph model

This model architecture takes six inputs, including camera nodes, camera edge, categorical feature, numerical
features, and environmental sensor adjacency matrix (or five inputs without signature). Each input is encoded
through an isolated branch of three 1D Convolutional layers of 32 filters, kernel size of 1 and activated with a
ReLU function followed by a Dropout layer of size 0.4. Finally, a Flatten layer and a fully connected layer of 50
features are used. After each encoder, all outputs are concatenated and passed to a Fully connected layer and a
final output of N features that is equivalent to the number of nodes in The NO, surface for a given hour, activated
based on the Softplus function. The model is trained with a batch size of 2 graphs, and for 300 epochs, following
similar procedures of the previous architectures.

Transformer model

We also trained several models based on transformer architecture without an explicit graph structure like the
case in the first graph architectures. We replaced the convolutional layer in the introduced architecture of the
multi-branch graph model, with three transformer layers. Each transformer layer comprises 6 attention heads
and projection dimensions of 907 features, followed by a skip connection, a normalization layer, a Multi-layer
Perceptron (MLP) and a second skip connection layer. Afterwards, we used a layer normalization and calculated
attention weights, in which the product of both attention weights and the previous layer outputs are passed to a
single fully connected layer. The final layer is used to output NO, values, containing 1 feature (in case of inferring
a NO, value for a single location) or N features based on the number of NO, sensors (In case of inferring
spatially-distributed NO, values or inferring traffic flows in N cameras), followed by activation of a Softplus
function. We also applied dropout to avoid over-fitness. We trained the models based on a batch size of 2 for
300 epochs. We used AdamW stochastic gradient descent optimiser to minimise the introduced loss function,
with an initial learning rate of 0.001 and an early stopping strategy based on the validation loss, with a patience
of 20 epochs.

Evaluating models under different environmental conditions

We trained various model architectures with different hyperparameters to create a baseline and validate our
method using different evaluation metrics (see Table S5). We conducted an error analysis to assess model
performance under various weather conditions. This involved analysing the impact of factors like rain, wind
speed, and temperature on NO, levels, providing insights into the robustness of our models. Additionally, we
evaluated model performance over different time periods, such as hourly, daily, weekly, and monthly intervals,
to ensure consistency. We also assessed the models at different locations within the study area to account for
spatial variability in NO, levels. Through these thorough evaluations, we aim to demonstrate the reliability and
accuracy of our models in predicting NO, levels under various real-world conditions. In our study, several
models showed promising results. For example, the Graph Convolutional Model with Signature (Model ID 1)
exhibited good performance with a mean squared logarithmic error (MSLE) of 0.0375 and a mean absolute
error (MAE) of 0.6558. This model integrates graph convolution operations, which are effective in capturing
spatial dependencies in the data. The Attention-based Graph Model without Signature (Model ID 3) introduces
attention mechanisms within the graph neural network framework. Although this model has significantly
more parameters (120,342,324) and longer training time, it presented robust results with an MSLE of 0.0454
and an MAE of 0.6842. The attention mechanism helps in focusing on the most relevant parts of the graph,
providing better feature representation. At City wide prediction, the ConvlD-based multiple branch model
with Signature (Model ID 19) demonstrated strong performance, providing accurate predictions and showing
a high correlation with actual NO, levels. By incorporating signature information (N = 3), the model enhances
its predictive accuracy. The multi-branch design allows the model to process various data aspects in parallel,
boosting its learning capacity.

Data availability

All raw data sources are listed in the Materials and Methods section.
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