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Abstract

Air quality is a major public health concern, while particulate matter (PM) measurements remain limited by the spatial
coverage and high operational costs of reference monitoring stations. This scoping review synthesises the literature on
image-based PM estimation from outdoor photos as a potential low-cost approach to increase PM concentration sampling
coverage. Methods are classified by input data requirements and modelling strategy, with summaries of performance and
implementation resources. Results suggest that deep learning models generally exhibit the strongest predictive capability,
although cross-study comparisons remain indicative, as they are limited by the availability of comparable metrics and by
differences in geographic application contexts. Machine learning and physics-based methods are generally less accurate
but more interpretable and computationally efficient, while hybrid approaches offer a promising trade-off between accu-
racy and operability. Nevertheless, most applications remain below reference regulatory accuracy levels. Training datasets
are often limited in size and coverage, benchmarks are lacking, and code and data are not always available. Future work
should prioritise multi-site datasets, improved hybrid models, and open resources to support reproducible model assess-

ment and reuse.
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1 Introduction

Air quality monitoring is a key component of public health
and environmental protection, supported by scientific evi-
dence on the negative effects of air pollution on health and
ecosystems [1]. Among these pollutants, particulate matter
(PM) is associated with a burden of respiratory and cardio-
vascular disease morbidity and mortality. Fine particulate
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matter with an acrodynamic diameter below 2.5 um (PMaz.s)
is of particular concern because it can penetrate deeply into
the respiratory system and be transported over long dis-
tances in the lower atmosphere. For these reasons, accu-
rate and high-resolution monitoring of PM concentrations
is important for health risk mitigation strategies and policy
support [2—4].

Traditional monitoring networks rely on ground-based
stations, which provide regulatory-grade measurements
but have high costs and often limited spatial coverage [5,
6]. Satellite products, such as aerosol optical depth (AOD),
improve regional coverage but often lack the spatial and
temporal resolution needed for health risk assessment
applications [7, 8]. This gap motivates complementary
approaches that can increase spatial detail at lower cost,
including image-based methods that leverage fixed web-
cams, surveillance cameras, and mobile photos [4—6].

Image-based methods for PM estimation have gained
attention in the last decade. These methods exploit visual
characteristics in outdoor photographs (e.g., sky colour, con-
trast, haze, and visibility of distant objects) as indirect indi-
cators of ambient PM. The wide availability of images from
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fixed webcams, surveillance cameras, and mobile devices
enables dense spatial and temporal sampling without spe-
cialised instrumentation [5, 6]. When positional metadata
are available, image-based estimates can easily be inte-
grated with ground measurements, satellite observations,
and reanalysis model estimates in geographic information
systems (GIS) to support mapping and near real-time visu-
alisation [7, 8].

Different methodological approaches have been proposed
in the literature. Physics-based models use atmospheric
optics to link image properties with PM [9]. Data-driven
approaches based on machine learning (ML) and deep learn-
ing (DL) predict PM directly from pixels or learned features
using, for example, convolutional neural networks (CNN).
Hybrid solutions combine physics-informed features
derived from images with ML or DL to improve prediction
accuracy. Reported performance varies across geography,
season, image acquisition settings, and availability of PM
measurements co-located in time and space with the images.
In general, reported performance ranges from moderate to
high, with lower errors in controlled settings and higher
errors in heterogeneous urban contexts [5, 10].

Open challenges remain. Many studies are limited to
specific regions, which makes generalisation complex. Per-
formance can degrade under variable lighting, weather, and
visibility. Replicability is also constrained with only a few
authors openly publishing datasets and source code [6, 11].
Furthermore, only a few recent literature reviews on image-
based PM estimation are available [12, 13]. These generally
focus on a limited set of studies and do not explicitly report
implementation resource availability, including open source
code, nor systematically assess the geographic coverage of
test cases.

In view of the above, this review presents an analysis of
the literature related to image-based estimation of ambi-
ent PM, with a focus on PM2.s, with the following objec-
tives: (i) identify all the relevant studies available on this
emerging topic; (ii) to compare the proposed methodologi-
cal approaches and identify the most promising directions;
and (iii) to assess current applicative limitations, also with
respect to authoritative PM monitoring, and to document
the availability of resources (datasets, code, benchmark-
ing protocols) that can support reproducibility and future
improvements.

The remainder of this paper is organised as follows:
Sect. 2 describes the review methodology. Section 3 pres-
ents a synthesis of the review results, including the geo-
graphic and temporal distribution of the studies, objectives,
data sources, modelling strategies, reported performance,
and code and data availability. Section 4 discusses the main
methodological trends, reproducibility issues, and potential
performance gaps with respect to regulatory PM monitoring.
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Section 5 concludes with a summary of the main findings
and directions for future work.

2 Methods

This literature review follows the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses (PRISMA)
framework to promote transparency and reproducibility of
the study. The literature search was conducted across major
bibliographic databases, including Web of Science and Sco-
pus, targeting peer-reviewed journal articles and conference
proceedings from 2014 to 2024. The bibliographic database
search combined pollutant-specific keywords (“PM, 5",
“particulate matter”, “air quality”) with imaging-related
keywords (“image-based”, “photograph”, “camera”, “vis-
ibility”, “haze detection”).

The initial search yielded 1022 records. Artificial Intel-
ligence (ChatGPT) was used to support duplicate screen-
ing from the bibliographic tables exported from the selected
databases. The excluded duplicates were then manually
cross-checked on a sample basis to verify the correctness
of the procedure. After removing duplicates (192), titles
and abstracts of the remaining 830 unique records were
screened for relevance, resulting in the exclusion of 782
records. Exclusion criteria included language, lack of con-
tent connected to the development or test of image-based
ambient PM estimation methods, and use of main input data
different from fixed webcam, standard camera, or smart-
phone photos.

Following title and abstract screening and subsequent
verification of actual accessibility from the authors’ library
resources, 46 articles were selected for full-text review. The
PRISMA flow diagram summarising this process is pre-
sented in Fig. 1.

The stringent selection criteria adopted produce a rela-
tively small corpus of studies, highlighting the modest extent
of the literature specifically addressing the topic. While the
size of the corpus does not fully support a systematic review,
it is sufficiently broad to conduct a scoping review aiming
at identifying key methodological trends, providing indica-
tions on modelling performances, and assessing the actual
availability of resources to inform future studies.

Data from these studies are extracted using a standardised
template capturing bibliographic information, study objec-
tives, geographic location, type of input data, type of algo-
rithmic approach, and performance metrics. Limitations and
proposed improvements are elaborated from the interpreta-
tion of the articles content.

Quantitative information is summarised in charts (e.g.,
by year of publication, study region, input data type, and
model category) to investigate trends. Where available,
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Fig. 1 PRISMA flow diagram
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performance metrics are recorded in their original units,
with values reported directly by the authors of the stud-
ies. For consistency, the reported performance values refer,
whenever available, to validation, test-set, or cross-valida-
tion results rather than training performance. When studies
reported multiple metrics, model variants, or data splits,
we selected the value corresponding to the best-performing
configuration for PM, 5 estimation, prioritising the main
model proposed by the authors and preserving the metric
type used in the original paper.

Qualitative synthesis focuses instead on identifying com-
mon challenges, such as lighting variability and camera
calibration, and innovative solutions, such as feature fusion
and physics-informed neural networks, proposed in the lit-
erature. To improve readability, citation lists in the main text
are kept selective and representative, while the complete
mapping of reviewed studies to categories, data sources,
methods, and performance metrics is reported in Table 1 of
Appendix A.

3 Results
3.1 Geographic and temporal distribution

The geographic distribution presented here refers to the test
sites considered in the reviewed studies, which is not neces-
sarily linked to the nationalities or institutional affiliations
of the respective authors.

The reviewed studies show a strong geographic bias
toward East Asia, especially China, which is associated with

Germany

Number of studies
1
2
4

5
31

28 out of the 46 selected studies (Fig. 2). Many works focus
on major metropolitan regions using single-city datasets,
while others include multi-site analyses across two or more
provinces and/or regions [4, 7, 10, 14—16].

Taiwan is the second most represented location, with 5
studies [5, 9, 10, 17, 18]. One of these [10] evaluates sites
in both Taiwan and mainland China. India follows with 4
studies focusing on highly urbanised and industrial regions
[19-22]. Among these, two studies jointly evaluate sites in
India and, respectively, China [21] and Thailand [19] to test
models robustness and transferability across different atmo-
spheric and geographical conditions.

Other contributions from Asia include South Korea [23]
and Bangladesh [8]. Outside Asia there are isolated stud-
ies from the USA [2, 4] (with [4] evaluating also a site in
China), Austria [24], Poland [3], Australia [25], and Greece
[26]. In Europe, one study [27] integrates datasets from
both Germany and Czechia. One study does not indicate the
study region [28], focusing on model development without
targeting a particular location.

Finally, the year distribution of the selected studies is
reported in Fig. 3, showing a moderate increase in publica-
tion frequency from 2018 onwards.

3.2 Objectives of the reviewed studies

The reviewed studies present a variety of objectives that
reflect differences in application context, methodologi-
cal scope, and target air pollutants. However, comparable
workflows are used to implement most of these studies (see
Fig. 4 for a generalised workflow). The majority of works

Poland
5

-~ Czechia
Austria

S
Greece

Thailand

Australia

Fig. 2 Reviewed studies distribution by country (multi-country studies are counted once for each country involved)
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Fig. 4 Generalised workflow of image-based methods for PM estimation

focused on estimating PM2.s concentrations from red, green,
blue (RGB) images [4, 5, 11, 25, 29-31], while a smaller
subset extended the analysis to multiple pollutants, includ-
ing PMio, nitrogen dioxide (NO-), and ozone (Os), see e.g.,
[3,9, 10, 24, 27, 32]. Some works framed the problem as a
classification task, predicting categorical air quality indices
(AQI) or discrete PM level classes rather than continuous
concentration values [6, 8, 22, 28, 33, 34].

Early contributions were largely proof-of-concept dem-
onstrations, designed to establish that outdoor image char-
acteristics could be linked to haze and PM concentrations
under controlled or semi-controlled conditions [4, 31, 34—
36]. These studies often relied on small, local datasets and
relatively simple empirical or physics-based models.

During the considered period, research increasingly
shifted towards real-world operational scenarios, using het-
erogeneous image sources and explicitly addressing atmo-
spheric variability. Public surveillance and traffic camera
networks are the most used data sources [5, 7, 10, 26, 30, 32,
37-39], enabling continuous and automated monitoring in
urban areas. Other works explore participatory sensing and
user-contributed imagery, such as mobile-based volunteer
monitoring [8, 36], crowdsourcing [31], or user-generated

NS—

online photos [34], to potentially expand geographic cover-
age of applications.

Some recent studies incorporated temporal prediction
into image-based PM estimation, moving beyond single-
episode analysis to forecasting short-term pollutant levels.
These approaches typically leverage sequences of images
acquired over time and employ architectures such as hybrid
CNN combined with long short-term memory (LSTM) lay-
ers or attention-based mechanisms [10, 14, 30, 32, 37-39],
capturing temporal dynamics of PM concentrations.

Several studies aimed to improve modelling capabili-
ties by combining image-derived features with auxiliary
environmental data. Examples included fusion with AOD
retrievals from satellite or ground-based instruments [7],
and integration of meteorological variables such as humid-
ity, wind speed, and temperature [10, 19, 20, 40, 41]. This
integration was generally reported to increase predictive
accuracy and reduce the sensitivity of models to exogenous
biasing factors.

Finally, a subset of works explicitly prioritised either
deployment feasibility or interpretability. Lightweight
architectures, optimised for real-time execution on mobile
devices or edge-computing platforms, were investigated
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in [42, 43], enabling in-field applications without complex
hardware equipment. Other studies focused on explainabil-
ity, linking model-learned features to physical atmospheric
properties such as scattering, visibility, or perceived haze,
also intending to promote user trust in automated predic-
tions [2, 9, 18, 24, 25, 36].

3.3 Data sources and modelling strategies

Image-based approaches for PM estimation consider a range
of data sources (Fig. 5) and modelling strategies (Fig. 6),
reflecting a moderate heterogeneity across inputs and analy-
sis methods.

Most studies relied on RGB imagery as the primary input,
occasionally transformed into alternative colour spaces such
as HSV, Lab, or YCbCr to better isolate haze-sensitive chan-
nels and minimise illumination effects [8, 20, 21, 33, 35-37,
42]. Other works derived colour-channel ratios, such as the
Blue-to-Red index, which provide haze-sensitive features
less affected by absolute illumination [6, 9, 11, 24, 44].

Among the different sources, fixed camera systems
or webcams were the most used, appearing in 35 of the
reviewed works. Representative examples include pub-
lic webcam networks, traffic or surveillance cameras, and
fixed research camera installations [4, 5, 7, 9, 10, 25, 26].
Operated by public agencies, research institutions, or open-
access monitoring networks, these systems provide stable
viewpoints for continuous observation, enabling consistent
monitoring over long time periods. Complementing these,

16 studies employed mobile or crowdsourcing imagery,
either exclusively or in combination with fixed cameras.
These included smartphone photographs from participatory
sensing campaigns and images extracted from social media
or other user-contributed sources [8, 19, 31, 34, 36]. While
these broaden spatial coverage by capturing diverse graphi-
cal contexts, they also introduce greater variability in acqui-
sition conditions. A single study explored direct integration
of satellite imagery-derived AOD [7]. This suggests that,
to date, satellite remote sensing products still lack the spa-
tial granularity and methodological transferability required
for reliable ground-level PM concentration estimation and
health-risk monitoring applications, due also to the indirect
nature of their measurements [45].

Air-quality ground sensors appear in all reviewed stud-
ies and serve as the essential reference for labelling images
with co-located PM..s concentrations, providing ground-
truth measurements for models training, calibration and
validation. Several studies extended their scope to multi-
pollutant estimation, incorporating PMio, NO2, Os, sulfur
dioxide (SO,), and carbon monoxide (CO) measurements
[8, 10, 22, 27, 46]. Weather data from ground sensors, such
as temperature, humidity, wind speed, and pressure, were
often integrated to account for meteorological influences on
PM formation and diffusion, with representative examples
including both local meteorological observations and atmo-
spheric reanalysis model outputs [3, 7, 9, 10, 19, 38].

Pre-processing included radiometric calibration [23,
25, 36], histogram equalisation [11, 35, 44, 47, 48], sky

Ground sensors

46

Fixed camera/Webcam

35

Mobile camera/ Crowdsourcing 16

Reanalysis models 4

Satellite data 3-

Fig. 5 Distribution of input data types across the reviewed studies
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Fig. 6 Distribution of methodology types across the reviewed studies

segmentation [8], or dehazing [15, 21, 33, 35]. Geometric
corrections [16] were also applied in some studies to stabi-
lise or rectify input imagery.

The modelling strategies applied in the reviewed studies
are grouped, for convenience, into four main methodology
types: Physics-based, ML, DL, and Hybrid approaches com-
bining elements of the first three. A summary of the distribu-
tion of modelling strategies is shown in Fig. 6, while a more
detailed breakdown by sub-types is presented in Fig. 7. This
classification is indicative and partly subjective. Since many
studies tested multiple methods, we assigned each paper to
the type that we believed best represented its main contribu-
tion. To reduce ambiguity, the final category was assigned
by considering both the terminology used by the authors and
the main model tested and discussed as the study contri-
bution. When several models were compared, baseline or
comparison models were not considered for classification;
instead, the label reflected the principal approach proposed
by the authors. Ambiguous cases were resolved through
manual re-checking of the full paper, although a residual
degree of subjectivity remains unavoidable for complex
architectures combining multiple modelling components.

Physics-based models are grounded in atmospheric
optics, linking PM concentrations to visibility through

extinction and attenuation formulations such as the Beer—
Lambert law and Koschmieder’s equation, scattering the-
ory, or colour ratios [2, 6, 9, 11, 23, 24, 35, 44]. The main
strengths of these approaches rely on their interpretability
and low computational requirements, but they are generally
sensitive to lighting variability and haze in input images.

ML models rely on regression applied often to image-
extracted features such as texture descriptors, including the
Gray Level Co-occurrence Matrix (GLCM), the Gray Tone
Difference Matrix (GTDM), and entropy [3, 47, 49], and
visibility proxies such as the dark channel prior (DCP) [17].
Core algorithms include Support Vector Regression (SVR)
[4, 17, 28, 31], tree-based models such as decision trees
(DT), random forests (RF), and extremely randomised trees
(ETR) [18, 21, 48], and artificial neural networks or mul-
tilayer perceptrons structures (ANN-MLP) [3, 42, 47, 49].
Some of the papers tested and compared a combination of
ML regressors (e.g. [18, 28, 48]).

DL approaches have become dominant in recent years.
CNN, including architectures such as VGG, ResNet,
DenseNet, and EfficientNet, are trained end-to-end for haze-
to-PM estimation [5, 8, 20, 22, 25, 29, 38, 43]. Many studies
instead adopted recurrent neural networks (RNN), LSTM
and gated recurrent unit (GRU) layers, to capture temporal
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Fig. 7 Distribution of methodology sub-types across the reviewed
studies, organised by the four main methodology types (Deep learn-
ing, Machine learning, Hybrid, and Physics-based models). The

dependencies of pollution concentrations [10, 14, 19, 27,
30, 32, 37, 39, 41, 50]. Attention mechanisms and ensem-
ble strategies were also explored [14, 25, 38]. These mod-
els achieve high predictive performance but are generally
more demanding in terms of tuning and computation time.
Overall, temporal architectures are mainly used to improve
the continuity of image-based PM estimation, near-real-
time monitoring, or short-term forecasting from sequential
images. By contrast, fewer studies explicitly connect these
temporal estimates with spatialisation strategies or spatial-
context variables aimed at extending predictions from indi-
vidual camera locations to broader monitoring fields.
Finally, hybrid approaches combine physics-based prox-
ies with ML or DL frameworks. In Physics+ML, features
such as extinction indices or transmission maps are used
as inputs to regressors like SVR or tree-based models [16,
33, 36, 40, 46]. In Physics+DL, these features are embed-
ded into CNN to guide learning with physics-informed pri-
ors [15, 34]. Data fusion strategies integrate imagery with
meteorological variables, ground-based sensors, or satellite
AOD [7, 26]. Some of these papers can actually fit more
than one hybrid model sub-type (e.g., [7, 34, 36]), proposing
multiple hybridisation strategies. The most representative
sub-type based on the author’s interpretation is selected for
the proposed categorisation. By combining interpretability
from physics with the flexibility of learning architectures,
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hybrid models are proposed both to improve robustness
under heterogeneous atmospheric and illumination condi-
tions, and across geographic contexts.

3.4 Declared models performance

Performance reporting across the reviewed studies is het-
erogencous, with authors adopting different evaluation met-
rics depending on their methodological approach, target
pollutant, dataset structure, and validation design.

Among prediction error metrics, the most widely reported
indicator is the root mean square error (RMSE), declared in
25 studies. Representative examples include studies based
on different image sources and modelling settings [4, 5, 7,
10, 18, 20, 25]. Other error-based indicators include the
mean absolute error (MAE), used in 15 studies including [8,
16, 19, 30, 38, 39], followed by the mean absolute percent-
age error (MAPE) [19, 30, 39, 43] and symmetric MAPE
(SMAPE) [19, 30, 39], each appearing in only a few cases.
Although MAPE and SMAPE would provide useful dimen-
sionless indicators for cross-study comparison, they are
reported only by a small subset of studies and mostly within
DL approaches. Therefore, they were not considered in this
work for comparisons due to the imbalance.

Correlation-based indicators are also widely used. The
coefficient of determination (R?) is the most frequently
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reported correlation metric, computed in 23 studies, includ-
ing[2,4,5,9,10, 15, 18, 25]. Other indicators such as Pear-
son’s r [3, 19, 30, 39, 48] and rank-based measures such
as Spearman’s p or Kendall’s t coefficients [3, 21, 33, 34,
44, 48] are occasionally reported alongside error metrics to
capture linear or monotonic associations.

The reported RMSE values span a broad range across
studies, from below 1 to nearly 90 p/m?, depending on data-
set characteristics and validation experiments. However,
RMSE is directly influenced by the absolute concentration
range of the test dataset and is therefore difficult to compare
across studies conducted in different regions, seasons, and
pollution regimes. An equivalent consideration applies to
R2. Although it is dimensionless, it depends on the variance
structure of the test dataset and may favour settings with
wider PM concentration ranges, while penalising models
tested under narrower concentration variability. Given these
limitations, R? is retained in this review only as a neces-
sary descriptive indicator, because it is the most consistently
reported metric across methodology types. Its use is there-
fore intended to support a qualitative synthesis of reported
model fit, rather than a true quantitative comparison of pre-
dictive performance across studies.
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Fig. 8 Box-plots of reported R? values by methodology type

In total, R? was reported in 23 studies, distributed across
methodologies as follows: 8 DL, 6 ML, 5 hybrid (Phys-
ics+ML/DL), and 4 physics-based. The R? aggregated
statistics, reported in Fig. 8, are therefore used only as a
descriptive and indicative synthesis of reported model fit.
DL models show the highest reported values, with a median
of 0.94 and an interquartile range (IQR) of 0.81-0.98.
ML methods report a median R? of 0.8 and a wider IQR
of 0.71-0.90, spanning a broad overall range from 0.68 to
0.97. Hybrid approaches (Physics+ML/DL) yield consis-
tently high performance, with a median R? of 0.89 and IQR
0.87-0.91. Physics-based models report slightly lower val-
ues, with a median R? of 0.86 and IQR 0.81-0.88.

3.5 Code and data availability

Code and data availability are moderately variable across
the reviewed studies. Results are summarised in Fig. 9. Of
the 46 papers, only a small subset (4) explicitly provided
both datasets and implementation source code [6, 8, 11,
42]. A larger subset made only the datasets available. This
includes studies (7) where datasets were publicly released
via repositories such as Figshare or GitHub [4, 7, 14-16, 34,

I
’
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Fig. 9 Data and code availability in
reviewed studies. The “Only Data
Available” group includes stud-

ies where datasets were publicly
shared by the authors through
open repositories, made available
upon request to the authors, or not
directly shared but derived from
referenced open data repositories

Only Data Available (23)

40], datasets available on request to the authors (8) [10, 18,
22-25, 38, 41], and datasets not directly shared but based
on referenced open data repositories (8) [3, 5, 26, 28, 33,
44, 48, 50]. 19 studies did not report either data or code,
often because of privacy concerns, government ownership
of surveillance images, or reliance on third-party datasets
that could not be redistributed. Examples of such cases are
reported in studies using private surveillance, mobile, or
locally collected image datasets [9, 17, 19, 29, 30, 32, 36].

4 Discussion

The 46 studies show methodological trends and trade-offs
between accuracy, complexity, and operational aspects.
DL methods usually achieve the best performance, with R?
values typically above 0.85 in several studies. Their per-
formance also suggests high stability across different test
conditions and validation experiments. At the same time,
DL models depend on large training datasets, which may
still be lacking for many regions. Furthermore, training and
deployment often rely on high-performance graphics pro-
cessing units (GPUs) to handle many parameters and long
training times, which may further limit real-time or low-
resource applications. ML approaches reach intermediate
results, with a median R? value around 0.80 and a broader
range compared to DL. They are generally less demanding
than DL in terms of both data and computational resources,
and can operate with fewer labelled samples and modest
hardware, which makes them suitable in contexts where
large annotated datasets or high-performance computing
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Data and Code Available (4)

9%

50%

41%

Neither Available (19)

infrastructure are not available. Physics-based models are
generally easy to interpret and light to run, since they often
rely on simple analysis of image characteristics without the
need for auxiliary data or complex model training. How-
ever, these models normally report lower R? values than
DL. Hybrid solutions, combining physical models with ML
or DL, represent a compromise. Reported values show that
these approaches achieve consistently high R? close to 0.9.
The integration of image-derived features, transmittance
maps, or additional variables often improves both accuracy
and robustness, while retaining some level of interpret-
ability. Some of the DL studies report generally low error
values also for percentage-based metrics [19, 30, 39, 43].
However, such performance metrics are reported hetero-
geneously across the corpus, and MAPE and SMAPE val-
ues are available only for a small subset of studies, mostly
within DL approaches. This limits comparison with other
modelling strategies using percentage-based error metrics,
which would otherwise provide a less biased indication of
performance because they are less directly affected by abso-
lute concentration levels, like for RMSE and R?. Since data-
sets also differ substantially in PM concentration ranges,
image sources, geographic settings, and validation proce-
dures, direct quantitative comparison across methodology
types remains limited.

The type of input image source is also important. Fixed
webcams are the most common because they guarantee a
stable view over time. Smartphone, crowd-sourced, and
surveillance images enlarge the spatial coverage but bring
more variability in image acquisition conditions. The inclu-
sion of ancillary data is frequent to reduce noise due to the
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atmospheric or weather conditions. Preprocessing opera-
tions such as radiometric calibration, histogram equali-
sation, sky region segmentation, and dehazing are often
necessary and suggested to improve the quality of outputs.

Performance varies with different geographic, atmo-
spheric, and image acquisition conditions. High perfor-
mance is often reported in limited areas or under stable
atmospheric conditions. Weather and visibility can degrade
accuracy (e.g., cloudy, foggy, or rainy scenes) [4]. Sensor
and measurement constraints (e.g., spatial granularity or
calibration) also introduce variability, suggesting benefits
from precise space—time co-location of image with ground
PM measurements [30]. Finally, algorithmic design choices
(e.g., architectures or activation functions) can affect error
levels [14, 20].

From a geospatial perspective, most reviewed studies
treat image-based PM estimates as local or point-based
observations associated with a camera, smartphone, or
nearby monitoring station, while only a limited number
explicitly address their spatialisation into continuous PM
fields. The most direct strategies are based on data fusion
with spatially continuous predictors, such as satellite AOD,
meteorological, and geographical variables [7, 31]. How-
ever, explicit modelling of spatial autocorrelation in residu-
als is not reported in the reviewed studies. This indicates
that research has focused more on temporal continuity for
near-real-time estimation and forecasting from fixed camera
streams, which is a necessary step toward operational PMa.s
exposure assessment, than on integrating image-based esti-
mates into spatially explicit monitoring frameworks. As
these methods mature, a promising research direction will
be to combine temporally continuous camera-based esti-
mates with denser and better distributed sensing networks,
in order to increase spatial coverage and support the recon-
struction of PM fields over extended areas. This perspective
is consistent with recent guidance identifying low-cost sen-
sor networks as a way to fill gaps in conventional monitor-
ing and improve spatial coverage [51].

By commenting on the distribution of papers by year,
study region, and methodology, some temporal trends can
be observed. Chinese studies span the entire timeframe,
from early physics-based methods (2014-2015) to recent
DL and hybrid approaches, often supported by large multi-
city datasets. Non-Chinese studies appear mainly from
2020 onwards. Methodologically, the overall progression
moves from simpler physical models in the early years to
machine learning, hybrid solutions, and finally deep learn-
ing approaches in the most recent period. The predominance

of studies based in China can be partly attributed to the
country’s rapid economic growth and the consequent deteri-
oration of air quality in recent decades, which has triggered
intensive national research efforts on air pollution. This
trend aligns with other bibliometric analyses on air qual-
ity and PM research, which identify China as the leading
contributor to the global literature since the mid-2010s [52].
This geographic bias may also have methodological impli-
cations. Models developed in East Asian urban settings may
not transfer directly to regions with different aerosol compo-
sition, seasonality, visibility, urban morphology, and image-
acquisition conditions. This is expected to reasonably affect
both physics-based calibration and DL generalisation. A
few studies have begun to address, this issue through cross-
regional or multi-country designs, such as China and the
USA [4], Thailand and India [19], and India and China
[21]. Broader geographic expansion will therefore require
benchmark datasets covering different climatic and aerosol
regimes, together with explicit cross-regional validation and
transfer-learning protocols.

Concerning the availability of code and data resources,
around half of the papers provide data either publicly, on
request, or clearly point to open data sources. When avail-
able, datasets varied in scope and accessibility. Some were
small, locally collected image sets tied to specific moni-
toring stations (e.g., [22, 24]), while others offered multi-
regional or multi-season image collections designed to
support generalisation (e.g., [5, 15, 16]). When the reasons
for limited data sharing are discussed, they are primarily
related to ownership or privacy constraints affecting sur-
veillance and traffic-camera imagery [10, 37]. Beyond data
sharing itself, reproducibility is also constrained by the lim-
ited availability of public synchronised image—PM datasets
and by spatial mismatches between camera viewpoints and
monitoring stations [16].

Studies releasing code relied on common Python deep
learning frameworks (TensorFlow, PyTorch, Keras) but also
MATLAB scripts (e.g., [6, 11]), which, while functional,
reduced adaptability for integration into modern workflows.
Despite more than half of the reviewed studies providing
access to datasets in some form, the availability of imple-
mentation code remains very limited. Explicit reasons for
not releasing code are rarely provided in the reviewed stud-
ies, suggesting that code sharing is often left to individual
author choices. This imbalance constrains full reproduc-
ibility and benchmarks definition, suggesting that broader
adoption of data and code sharing practices could further
strengthen the field.

@ Springer



57 Page 12 of 20

D. Oxoli et al.

A final relevant point to consider is the comparison
between image-based PM estimates and authoritative
ground-based monitoring. When compared with authori-
tative ground-based measurements, typically provided by
monitoring stations based on gravimetric or high-precision
optical methods [53], most image-based estimation methods
remain below the accuracy thresholds indicated for regula-
tory use. According to established technical references [54],
which follow the U.S. Environmental Protection Agency
guidance for PM2.s monitoring, two methods or sensors can
be considered comparable when their agreement reaches
R?>0.90, while values between 0.80 and 0.90 indicate
moderate concordance. More recent guidelines for low-cost
PM..s sensors recommend a multi-metric evaluation frame-
work including bias, error, precision, and site-specific collo-
cation performance [51, 55]. In this review, we rely mainly
on R? values for comparability assessment, since other indi-
cators were not consistently available across the analysed
papers. The R?>0.90 threshold is therefore interpreted as a
conservative historical benchmark for sensor comparability,
rather than as a standalone operative regulatory standard.

Among the studies that reported R% only a few DL
approaches reach or exceed the R*>0.90 threshold, and
usually under controlled conditions or limited datasets. The
majority of ML, hybrid, and physics-based models show
lower R? values, especially when tested in heterogeneous
environments or across diverse image sources. This indi-
cates a gap between image-based estimation and regulatory-
grade monitoring. Further progress requires larger and more
diverse multi-site datasets and methodological improve-
ments to increase robustness and comparability across
atmospheric conditions and geographic contexts.

5 Conclusions

This review highlights the growing potential of image-based
approaches for estimating PM concentrations, while noting
that several challenges remain before regulatory applica-
bility can be achieved. DL techniques generally report the
strongest predictive performance, whereas ML and phys-
ics-based models provide lower computational complexity
and greater interpretability. Hybrid methods that combine
physical insights with ML or DL represent a promising
compromise between accuracy, robustness, and operational
feasibility. These findings should be interpreted cautiously
because the available comparisons are affected by het-
erogeneous datasets, metrics, and validation procedures.

@ Springer

The reviewed studies also show that data diversity, stable
image acquisition, and ancillary meteorological information
remain important factors for improving model robustness.

From a geographic perspective, the corpus of reviewed
studies is unbalanced. Most studies are based in East Asia,
with a large share conducted in China, while other regions
are sparsely represented. Moreover, the number of relevant
papers is limited (46 in total for 2014—2024) due to the tight
inclusion criteria adopted (focus on ambient PM estima-
tion from standard RGB images with explicit methodologi-
cal testing). The yearly distribution is also uneven, with a
significant increase in relevant publications in recent years
compared to the early period of the review time window.

Despite recent advances, most image-based methods
remain below the accuracy typically expected in regulatory
frameworks, especially when tested across diverse regions,
atmospheric conditions, and uncontrolled image acquisition
settings. Reproducibility remains limited because imple-
mentation code is rarely shared, even though more than half
of the reviewed studies provide access to datasets in some
form.

Future research should focus on the development of
large multi-site datasets that cover multiple seasonal and
atmospheric conditions, advances in hybrid and physics-
informed model architectures, and open sharing of data and
source code. Lightweight models suitable for edge devices
and real-time applications are also a relevant aspect to
investigate. In addition, future studies should consistently
report concentration-independent error metrics, such as nor-
malised mean absolute error and mean bias error, to enhance
comparability between models as well as with ground-based
sensor measurements. With these developments, image-
based approaches could become a useful complement to tra-
ditional monitoring networks and provide stronger support
for air quality risk assessment.

Appendix A

Appendix A reports a summary table (Table 1) with the
main features of the reviewed studies. These include bib-
liographic reference, year, country of application, input data
used, methodology type and subtype (with a short descrip-
tion of methodological procedures), availability of data and
code (with links to Web sources) and performance metrics.
For the latter, only RMSE, MAE, MAPE, SMAPE, R2, Pear-
son’s r, Spearman’s p or Kendall’s t metrics are included
when available; other metrics are not reported.
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