
A multi-view machine learning approach for estimating PM2.5 
concentrations from smartphone photographs

Jianzheng Liu a,b,c , Zurong Zheng a, Fei Yao d,* , Weifeng Li e,f,**

a School of Public Affairs, Xiamen University, Xiamen, Fujian 361005, China
b Fujian Key Laboratory of Urban Intelligent Sensing and Computing, Xiamen, Fujian 361005, China
c Xiamen Key Laboratory of Integrated Application of Intelligent Technology for Architectural Heritage Protection, Xiamen, Fujian 361005, China
d China-UK Low Carbon College, Shanghai Jiao Tong University, Shanghai 201306, China
e Department of Urban Planning and Design, The University of Hong Kong, Pokfulam, Hong Kong SAR, China
f Urban Systems Institute, The University of Hong Kong, Hong Kong SAR, China

H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• We construct a spatiotemporally aligned 
multi-view image-PM2.5 dataset.

• The dataset addresses spatiotemporal 
mismatch issues in priori studies.

• We develop a multi-view machine 
learning approach for image-based 
PM2.5 estimation.

• The approach reduces sensitivity to vi
sual variations in single-view methods.

A R T I C L E  I N F O

Keywords:
Smartphone Photograph
PM2.5

XGBoost
Mobile Monitoring
Image Feature Extraction

A B S T R A C T

Accurate and efficient estimates of fine particulate matter (PM2.5) concentrations and associated exposure from 
smartphone photographs can provide the public with personalized risk information, helping to raise environ
mental risk awareness and reduce health risks. Existing studies are limited to estimating PM2.5 concentrations 
from single-view smartphone photographs, where the spatiotemporal mismatch between photo capture and 
PM2.5 measurements during data collection often introduces systematic bias that could otherwise be avoided. To 
address this, we construct a rigorously spatiotemporally registered benchmark dataset of PM2.5 measurements 
and multi-view smartphone photographs for two Chinese provinces (Hebei and Fujian) between 2022 and 2024. 
For each province, we use the XGBoost model to relate PM2.5 measurements to image features that we extract 
from multiple semantic segmentation regions within the multi-view smartphone photographs. The proposed 
method achieves R2 values of 0.96 and 0.89, and RMSE values of 6.82 and 3.63 μg/m³ on the independent test 
sets for the Hebei and Fujian provinces, respectively, which consistently outperforms alternative methods that 
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rely on single-view smartphone photographs or overall image features. Key predictive features include image 
color extracted from vegetation regions, as well as color and local binary pattern extracted from sky regions. 
Overall, our work advances image-based air quality monitoring by providing a multi-view machine learning 
approach and the first rigorously spatiotemporally registered dataset of PM2.5 measurements and smartphone 
photographs, which enables more reliable PM2.5 estimates and highlights the role of semantic image features in 
predictive performance.

1. Introduction

Accurate air quality information is crucial for enabling the public to 
take effective measures to protect their health. The public often obtains 
air quality information from publicly released data that are underpinned 
by ground-based monitoring stations. However, the limited spatial 
coverage of these monitoring stations restricts their data to representing 
only average regional air pollution levels, thus failing to capture the 
specific air quality conditions to which individuals are exposed to [1]. 
Therefore, a discrepancy exists between publicly released air quality 
information and actual air pollution exposure levels within microenvi
ronments, resulting in inaccurate perceptions of air pollution. This 
highlights the urgent need for a low-cost and easily accessible method 
that can provide the public with personalized air pollution exposure 
information. Such environmental monitoring and feedback about 
exposure levels can equip people with useful information for precau
tionary behavior [2–4]. To address this need, image-based methods have 
emerged as a promising solution, with previous studies demonstrating a 
strong correlation between image features and air pollutant concentra
tions [5]. The widespread use of mobile cameras further enhances the 
feasibility of these methods by enabling large-scale, cost-effective data 
collection.

The primary focus of this study is fine particulate matter (PM2.5), 
which has well-documented adverse health impacts [6–9]. Recently, a 
number of studies have proposed methods that use mobile camera im
ages to estimate PM2.5 concentrations (e.g., [10–17]), yielding signifi
cant advancements. However, a key limitation of these studies is their 
reliance on matching images with PM2.5 data from the nearest air quality 
monitoring station, a strategy that lacks precise spatiotemporal regis
tration. A notable distance often exists between the image’s location and 
the monitoring station, meaning that the station’s data may not accu
rately represent the air quality at the precise location where the photo 
was taken. This discrepancy may introduce additional uncertainty and 
potential errors into the estimation models during the training phase. To 
address this mismatch, some studies have adopted vehicle-based moni
toring [18–20]. However, such methods are costly, and its measure
ments are sensitive to driving speed, as airflow caused by the vehicle’s 
movement can distort pollutant readings, leading to measurement un
certainties [21,22]. In addition, since sampling routes typically follow 
urban main roads, spatial coverage remains limited. It largely ignores 
areas where people commonly engage in outdoor activities, such as 
residential communities and public squares.

Additionally, previous methods largely rely on single-view images 
for estimating PM2.5 concentrations (e.g., [23,24]). The key challenge of 
such an approach is that visual information is captured from only one 
direction, which in turn makes PM2.5 estimates highly susceptible to 
varying illumination conditions along the camera’s line of sight [25,26]. 
For example, images taken facing the sun can differ markedly from those 
taken with the sun behind the camera, even under the same ambient 
PM2.5 concentration. Multi-view approaches can theoretically mitigate 
the issue by integrating information from various directions, moving 
beyond the narrow context of single-view approaches [27]. However, 
such approaches remain underexplored due to the lack of a rigorously 
spatiotemporally registered dataset of PM2.5 measurements and 
multi-view smartphone photographs, not to mention the unresolved 
question of whether simply increasing the number of views can consis
tently improve model performance.

The objective of this study is to overcome the spatiotemporal 
mismatch in training data and the visual limitations of single-view ap
proaches in current image-based PM2.5 estimation studies. The core 
contributions of our study primarily lie in two aspects: the novelty of our 
data collection and the innovation of our methodological framework. 
Specifically: 

(1) We establish a systematic data collection workflow and construct 
two rigorously spatiotemporally registered datasets of PM2.5 
measurements and multi-view smartphone photographs for two 
Chinese provinces (Hebei and Fujian) between 2022 and 2024. 
These datasets contain synchronized measurements of PM2.5 
concentrations and associated multi-view images, including sky, 
ground, and four horizontal directions (front, rear, left, and 
right). They represent the first-ever datasets of their kind to 
combine rigorously spatiotemporally registered PM2.5 measure
ments with comprehensive multi-view smartphone photographs 
in the field of image-based PM2.5 estimation, thereby mitigating 
the spatiotemporal mismatch in training data in previous studies 
and providing a highly reliable starting point for future research 
in this field.

(2) We design a novel multi-view methodological framework. The 
proposed method offers clear advantages over single-view 
methods, as it mitigates the impacts of varying illumination 
conditions and other factors on the accuracy of PM2.5 concen
tration estimates. In addition, by leveraging ubiquitous smart
phone technology, our approach has great potential to provide 
personalized air pollution feedback directly to individuals, 
fostering greater health awareness and promoting behavioral 
adaptations [3,28,29].

2. Materials and methods

Accurately estimating PM2.5 concentrations from smartphone images 
presents a multifaceted challenge, requiring not only a high-quality, 
spatiotemporally registered dataset but also effective feature extrac
tion strategies and modeling techniques. We propose a novel workflow 
that (1) establishes a high-quality, spatiotemporally registered dataset 
through rigorous data collection and quality control protocols, (2) ex
tracts a set of predictive features using a region-wise strategy, and (3) 
utilizes these predictors to build, optimize, and evaluate a multi-view 
machine learning approach for estimating PM2.5 concentrations. Each 
stage of the proposed workflow is detailed in the subsequent sections.

2.1. Dataset

Here we describe how we collect PM2.5 concentration measurements 
and multi-view smartphone photographs and how we screen these data 
to create a rigorously spatiotemporally registered dataset of outdoor 
PM2.5 paired with multi-view imagery for two Chinese provinces (Hebei 
and Fujian) between 2022 and 2024.

2.1.1. Data collection
Fig. 1 illustrates the locations and procedure of data collection, along 

with a representative example. Specifically, data are collected using a 
handheld aerosol monitor (TSI DustTrak II 8532), a centimeter-level 
handheld GPS receiver (HowayGIS T38P), and a smartphone. Data 
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collectors either walk or cycle along predetermined routes to collect data 
samples every few hundred meters. Various smartphone brands, such as 
Xiaomi, Huawei, and Apple, are used during the data collection process 
to improve the model’s robustness to differences in device types. These 
routes are deliberately chosen to cover different levels of traffic, various 
types of urban scenes, and a wide range of residential areas. We space 
sampling points several hundred meters apart to prevent potential data 
leakage from training to test sets that may artificially inflate model 
performance, as excessive proximity could generate highly similar im
ages and undermine their independence [30]. For a given sampling 
point, images are captured from six directions (front, rear, left, right, 
sky, and ground) using a smartphone with preset settings (e.g., using 
default auto-exposure and auto white balance, with the flash, HDR, and 
artificial filters disabled). It should be noted that the four horizontal 
images simply capture the scenes relative to the photographer’s facing 
direction (i.e., front, rear, left, and right), rather than aligning with fixed 
geographical compass directions (e.g., North, South, East, West). The 
geographic coordinates are logged by the GPS receiver, and the PM2.5 
concentrations are measured by the DustTrak monitor.

Ultimately, we create two high-quality multi-view datasets with 
rigorous spatiotemporal registration: the Hebei dataset and the Fujian 
dataset. Hebei Province and Fujian Province were selected as they 
represent typical regions in northern and southern China. Hebei features 
a temperate monsoon climate with four distinct seasons and cold, dry 
winters. As a major heavy industry base, it frequently experiences severe 
PM2.5 pollution during winter. In contrast, Fujian is located on the 
southeast coast and has a subtropical monsoon climate characterized by 
warmth, high humidity, and abundant rainfall. Benefiting from its 
extensive forest coverage, Fujian consistently ranks among the provinces 
with the best air quality in China. Monitoring campaigns were con
ducted for the Fujian dataset in April–May 2022, December 2022, and 
December 2024, and for the Hebei dataset in July 2022 and November 
2024. In total, 9966 images were collected at 1661 sampling points. The 
resolution of these images varies from 3264 × 2448 to 4032 × 3024 
pixels. Detailed statistics of the datasets and the distribution of data 
collection conditions are summarized in Tables S1 and S2 of the Sup
plementary Materials.

Considering the relationship among visual degradation, PM2.5 

concentrations, and aerosol hygroscopic growth [31,32], as well as the 
potential influence of illumination angle on the images, we also include 
solar zenith angle and relative humidity as auxiliary features to further 
improve PM2.5 estimation from smartphone images. The solar zenith 
angle is calculated based on latitude, longitude, and photo capture time, 
while relative humidity is sourced from the Meteorological and Energy 
Fluxes Data provided by the NASA POWER website [33].

2.1.2. Data quality check
Given the complexities of field data collection, the raw PM2.5 con

centration measurements and images require rigorous curation to 
ensure data quality. Building on the data quality check protocols pro
posed in previous research [34,35], we develop a tailored quality 
assurance and control protocol with modifications to address the unique 
characteristics of the current datasets.

Aerosol monitors may exhibit measurement deviations. Thus, we 
calibrate our monitor against nearby government air quality stations 
before data collection. Calibration is performed through collocation, 
which involves operating our monitor directly alongside the reference 
station to compare simultaneous PM2.5 readings. If any systematic de
viations are detected, the instrument is recalibrated to ensure mea
surement accuracy.

To ensure that the multi-view smartphone photographs and PM2.5 
concentration measurements are rigorously spatiotemporally registered, 
we first assign location data to each photo. Each photo is matched to the 
temporally nearest GPS instrument reading, provided the time differ
ence is within five seconds; if no corresponding instrument reading is 
available, we use the GPS coordinates recorded in the photo’s EXIF 
metadata as a fallback. The entire six-photo set is discarded when 
location data are absent from both sources. We then require that the six 
photos constituting a sampling point be captured within a 60-second 
interval and that the spatial distance between any two of them not 
exceed 10 m. Any set of photos that fails to meet these criteria is 
removed. Finally, rather than relying on a single instantaneous PM2.5 
reading, we define the PM2.5 concentration at each sampling point using 
a dynamic time-window average. Specifically, we identify the earliest 
and latest photo capture times among the set of images at a given 
location. All valid PM2.5 readings within this time window are extracted 

Fig. 1. Data collection. (A) Map of study areas and sampling points. (B) Illustration of data collection procedure. (C) An example of multi-view images collected using 
the data collection procedure in this study.
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and averaged to represent the final PM2.5 value. In rare instances where 
no valid PM2.5 reading is captured within this dynamic window, we 
apply a brief tolerance as a fallback. Specifically, we link the photo set to 
a valid measurement provided that at least one photo timestamp falls 
within a 10-second window of that measurement. If no such measure
ment is found even with this tolerance, the air quality data for that 
sampling point are marked as missing.

While we mention in Section 2.1.1 that we space sampling points 
several hundred meters apart to prevent potential data leakage from 
training to test sets that may otherwise artificially inflate model per
formance, data collection in practice may still yield some exceptions due 
to the labour-intensive nature of fieldwork. Therefore, we enforce a 
minimum spatial separation of 100 m between any two sampling points, 
systematically removing one if the distance falls below this threshold. 
This procedure, together with the measures implemented during the 
data collection, jointly ensures the independence between the training 
and testing datasets, thereby contributing to the validity of model 
evaluation.

Finally, yet importantly, we remove potential outliers by setting 
PM2.5 concentrations below 0 μg/m³ or above 1000 μg/m³ to NaN, and 
eliminate indoor samples by manually reviewing all photos. The 
threshold of 0–1000 μg/m³ is consistent with United States Environ
mental Protection Agency [36] for air sensor technologies. Indoor and 
outdoor air pollution can exhibit substantially different characteristics 
and may therefore require tailored modelling strategies; in this study, 
we focus on outdoor PM2.5 pollution and, accordingly, exclude indoor 
samples.

2.2. Feature engineering

Here we describe how we apply a region-wise feature extraction 
strategy to construct model predictors from different semantic regions of 
multi-view images we prepared in Section 2.1. As illustrated in Fig. 2, 
this strategy involves two steps: image segmentation and feature 
extraction from each segmented region. This region-wise strategy also 
enables a subsequent analysis of the relative importance of features from 
different semantic regions (e.g., sky, vegetation, and buildings) as visual 
indicators for PM2.5 concentration estimation.

2.2.1. Image segmentation
We adopt the widely used DeepLabv3 + [37] deep learning 

approach for image segmentation, implemented via the open-source 
MMSegmentation framework.1 The detailed configuration files are 
available in the OpenMMLab repository. Specifically, Deep
Labv3 + employs a ResNet-50 backbone with an output stride of 8 
(R-50-D8). Its encoder-decoder architecture and Atrous Spatial Pyramid 
Pooling (ASPP) effectively handle objects of varying sizes while pre
serving sharp segmentation boundaries. The model was trained on the 
Cityscapes dataset for 40,000 iterations with a crop size of 769 × 769, 
achieving an mIoU of 80.46% on the validation set. Because the scenes 
in the Cityscapes dataset closely resemble those in our collected outdoor 
smartphone photographs, the model’s proven accuracy provides a reli
able foundation for our subsequent region-wise feature extraction.

The algorithm performs image segmentation by classifying each 
pixel of an image into one of 19 predefined categories: terrain (i.e., soil 
or sand), vegetation (i.e., trees), sky, wall, building, road, traffic sign, 
traffic light, sidewalk, fence, pole, bus, train, truck, car, bicycle, 
motorcycle, rider, and person. We further refine these semantic seg
mentation classes for the purpose of our study. Specifically: (1) for sky 
images, we exclude all non-sky elements to isolate the clear sky region; 
(2) for ground images, we merge “road” and “sidewalk” into an 

“artificial ground” category and “terrain” and “vegetation” into a “nat
ural ground” category; and (3) for four-directional images, we retain the 
original “vegetation” class while consolidating other categories into 
“buildings” (building, wall, fence, pole, traffic light, traffic sign) and 
“ground” (road, sidewalk, terrain) regions. The remaining mobile ob
jects, including “person” and “train”, are excluded to focus feature 
extraction on the primary, stable components of the image scene.

2.2.2. Feature extraction
Following the image segmentation, we proceed with feature 

extraction from different segmented regions. This includes the sky re
gion extracted from the sky images, as well as the building, vegetation, 
and ground regions extracted from the four-directional images. We 
consider image features including color, transmission, information en
tropy, and local binary pattern (LBP), aiming to capture not only the 
direct visual cues of air pollution but also the microenvironment context 
of each sampling point. Image color can capture changes in tone, 
contrast, and saturation resulting from PM2.5-induced light scattering 
[23]. Transmission directly reflects the scattering and attenuation of 
light caused by particles [17,38], making it a widely used indicator for 
PM2.5 estimation. LBP identifies the loss of sharp details and the blurring 
of textures, such as edges and contours, that occur in hazy conditions 
[39]. Information entropy measures the overall complexity of an image, 
which tends to decrease as fine details are obscured by higher PM2.5 
concentrations [40]. Detailed mathematical definitions of the extracted 
features are provided in Text S1 in the Supplementary Materials.

Next, for each sampling point, we determine the underlying surface 
type by analyzing the corresponding ground image. Specifically, we 
compare the pixel proportions of artificial and natural ground regions 
within the ground image and classify the surface type according to the 
region with the highest proportion. The underlying surface provides 
valuable information about the microenvironment surrounding each 
sampling point and has important implications for estimating PM2.5 
concentrations. A higher density of nearby emission sources is associ
ated with higher PM2.5 concentrations [41]. Artificial ground generally 
indicates a man-made urban environment filled with vehicles, heating, 
cooking, and other human activities that contribute to PM2.5 emissions, 
while natural ground typically corresponds to green spaces that help 
absorb particles.

Finally, we concatenate the underlying surface type, the four image 
features extracted from the sky and four-directional images, relative 
humidity, and solar zenith angle into a single feature vector, each of 
which corresponds to a measured PM2.5 concentration. We split the full 
dataset into a training set and a test set, which contain 80% and 20% of 
the data, respectively. To avoid data leakage, all multi-view images from 
the same sampling point are kept together in the same dataset split. 
Feature vectors and corresponding PM2.5 concentration measurements 
are used to train a machine learning model to learn the complex patterns 
between features and PM2.5 concentrations. The trained model is then 
applied to the feature vectors from the test set, with the resulting pre
dictions used to evaluate the model’s performance.

2.3. Model building and evaluation

We employ the XGBoost algorithm [42] to estimate PM2.5 concen
trations from multi-view images for two reasons: its high predictive 
accuracy and its intrinsic capability to assess feature importance.

The predictive strength of the XGBoost model stems from its 
advanced gradient boosting framework, in which decision trees are 
sequentially built to correct the errors of preceding trees. In this process, 
hyperparameters including the number of trees, the fraction of samples 
used for fitting each tree, the maximum depth of each tree, and learning 
rate control the trade-off between model complexity and generalization 
performance. We optimized the hyperparameters of the XGBoost model 
using grid search with 10-fold cross-validation on the training set. The 
search space included the learning rate (eta) ranging from 0.01 to 0.20, 

1 The detailed configuration files can be accessed via the open-mmlab re
pository: https://github.com/open-mmlab/mmsegmentation/tree/main/co 
nfigs/deeplabv3plus
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maximum tree depth from 4 to 10, subsample ratio from 0.5 to 1.0, and 
the number of trees from 200 to 700 (in increments of 100). In addition, 
gamma and lambda were fixed at their default values of 0 and 1, 
respectively. The grid search identified the optimal hyperparameters as 
600 trees, a maximum depth of 5, a subsample ratio of 0.6, and a 
learning rate of 0.01.

The intrinsic capability of the XGBoost model to assess feature 
importance comes from its built-in gain metric, which measures the 
average improvement in the objective function when a given feature is 
used for splitting across the trees in an ensemble. Compared to 
permutation-based methods [43] or SHAP (Shapley Additive exPlana
tions) values [44], the gain metric identifies the most influential vari
ables in a similar manner, while being readily available and 
computationally efficient. In this study, we use the built-in gain metric 
to examine the relative importance of features extracted from different 
semantic regions, including vegetation, ground, and buildings, and to 
provide insight into which features are most predictive of PM2.5 
concentrations.

We train and evaluate separate XGBoost models for the Hebei and 
Fujian datasets, given the unique characteristics of each dataset. This 
approach also allows us to validate the effectiveness and broader 
applicability of the proposed method. To describe the trained model 
performance on the test set, we employ two widely used statistical 
metrics: the coefficient of determination (R²) and the root mean squared 
error (RMSE). R2 quantifies the proportion of variance in PM2.5 con
centrations within the test set that is explained by the model, whereas 
RMSE measures the absolute magnitude of the prediction errors. A 
higher R2 and a smaller RMSE indicate better model performance.

3. Results

3.1. Optimal model configuration

To investigate how different combinations of views and feature 

extraction strategies affect prediction accuracy, we design eight models 
to evaluate and compare their model performance on the Hebei dataset, 
with the aim of identifying the optimal model configuration (see 
Table 1). These models differ in three aspects. The first aspect is the 
Horizontal Views involved, either “1 (Front)” representing a single 
horizontal direction, or “4 (All-directions)” representing the integration 
of photographs from all four horizontal directions. The second aspect is 
the Vertical Views involved, which determines whether vertical per
spectives are included (“Sky & Ground”) or excluded (“None”). The third 
aspect is the Feature extraction strategy, which involves either an 
“Image-wise” approach for global features or a “Region-wise” strategy 
designed for a fine-grained analysis of various major semantic regions. 
In addition, for this comparative analysis, all eight models are developed 
using only image-based features; meteorological variables, namely 
relative humidity and solar zenith angle, are not included, as they would 
overshadow the role of image-based features, making it difficult to 
identify the optimal model configuration.

Fig. 2. Flow chart of feature engineering.

Table 1 
Performance comparison between different model configurations.

Model Horizontal 
view setting

Vertical view 
inclusion (sky 
& ground 
images)

Feature 
extraction 
strategy

R² RMSE 
(μg/ 
m³)

1 1 (Front) None Image-wise 0.69 19.25
2 1 (Front) None Region-wise 0.75 16.33
3 1 (Front) Sky & Ground Image-wise 0.81 14.01
4 1 (Front) Sky & Ground Region-wise 0.82 13.90
5 4 (All 

directions)
None Image-wise 0.74 16.14

6 4 (All 
directions)

None Region-wise 0.80 14.12

7 4 (All 
directions)

Sky & Ground Image-wise 0.79 15.07

8 4 (All 
directions)

Sky & Ground Region-wise 0.79 14.22
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The results show that the multi-view method generally outperforms 
those based on a single-view image. This is reflected by two aspects. 
First, a comparison between Models 1 and 5, and between Models 2 and 
6, suggests that the inclusion of four directional images significantly 
improves the model’s accuracy by providing additional complementary 
information. Second, a comparison between Models 1 and 3, Models 2 
and 4, and Models 5 and 7, suggests the inclusion of vertical view (sky 
and ground) images plays a similar role. However, it is not always the 
case that including more images always improves the model’s accuracy, 
as shown by comparisons between Model 3–7, Model 4–8, and Model 
6–8. This suggests that multi-directional information can be adequately 
captured with a certain number of multi-view images, and that adding 
more than this number provides only marginal, negligible, or even 
negative benefits. Regarding the feature extraction method, the region- 
wise strategy provides a substantial improvement for models using a 
single directional image (Model 1 vs. 2), and also boosts model perfor
mance when using all four directional images (Model 5 vs. 6). However, 
its role becomes negligible once sky and ground images are part of the 
model predictors (Model 3 vs. 4; Model 7 vs. 8). In summary, while 
incorporating multi-view images improves model performance, adding 
too many of them may provide little additional benefit or even have 
adverse effects. Meanwhile, the region-wise feature extraction strategy 
offers a significant advantage when the number of input images is 
limited.

We select Model 4, which achieves the highest R2 and lowest RMSE, 
as the base model, onto which we further add solar zenith angle and 
relative humidity to form the final model for estimating PM2.5 concen
trations. Table 2 shows that solar zenith angle and relative humidity 
individually increase the model’s R2 by 0.0214 and 0.1268, respectively, 
while decreasing the model’s RMSE by 0.8358 and 6.1662 μg/m3, 
respectively. Collectively, they improve the final model to have a high 
R2 of 0.9557 and a low RMSE of 6.8247 μg/m3. The larger role of 
relative humidity as compared to solar zenith angle is consistent with 
previous studies [12,15,39,45].

3.2. Model performance and applicability as compared to previous 
methods

We apply the optimal model configuration derived from the Hebei 
dataset to the Fujian dataset, achieving an R2 of 0.89 and an RMSE of 
3.63 μg/m3. Compared with the model performance on the Hebei 
dataset, the R2 is slightly lower but remains above 0.8, indicating that 
most of the PM2.5 variance has still been effectively captured despite the 
direct use of the optimal model configuration transferred from the Hebei 
dataset. In contrast, the RMSE values are considerably smaller, which 
may be attributed to the relatively lower PM2.5 concentration levels in 
Fujian (29.01 ± 11.31, as reported in our measurements after data 
quality check) as opposed to those in Hebei (43.92 ± 33.63, as reported 
in our measurements after data quality check). In short, the strong 
model performance on both the Hebei and Fujian datasets demonstrates 
the capability and generalizability of our proposed multi-view approach 
for estimating PM2.5 concentrations from smartphone photographs.

In addition, while the sampling strategy and data quality checks 
already minimize spatial data leakage by enforcing a minimum distance 
between samples, we conduct a more stringent spatial cross-validation 
to rigorously evaluate the model’s spatial transferability. This valida
tion scheme assesses the model’s performance under a challenging real- 

world scenario, in which predictions must be made for geographic re
gions entirely absent from the training data. Specifically, we divide the 
study area into grid cells of 1000 × 1000 m, and all observations located 
within the same grid cell are treated as a single group. These groups 
were then randomly assigned to either the training set or the test set. A 
10-fold spatial cross-validation confirms the model’s robust perfor
mance, yielding an R2 of 0.91 (std. dev. 0.03), RMSE of 7.71 (std. dev. 
1.98) on the Hebei dataset, and an R2 of 0.86 (std. dev. 0.09), RMSE of 
3.61 (std. dev. 1.20) on the Fujian dataset. These results underscore the 
model’s practical utility and its ability to perform reliably in 
geographical distinct areas unrepresented in the training data.

Table 3 further compares the accuracy of our proposed multi-view 
approach with various machine and deep learning models from previ
ous studies that rely on single-view images. These single-view ap
proaches exhibit inherent limitations in capturing comprehensive and 
holistic visual information, often resulting in restricted predictive ac
curacy, with R2 values ranging from 0.71 to 0.94. In contrast, our pro
posed multi-view method consistently achieves superior estimation 
performance, with R2 values close to or exceeding 0.9. In addition, 
because the images used in this study were collected using mobile 
cameras rather than fixed cameras, our approach maintains excellent 
performance under complex environmental, lighting, and shooting 
conditions.

Finally, Table 4 presents a performance comparison between our 
proposed method and several competitive baseline models evaluated on 
the Hebei dataset. These baselines include simple linear models (Linear 
Regression and ElasticNet) using the exact same extracted feature set as 
our proposed model, as well as classical end-to-end deep learning 
regression models (ResNet-50 and DenseNet-121). For the multi-view 
deep learning models, a direct feature concatenation strategy is adop
ted to fuse the visual information from multiple views.

The experimental results demonstrate the necessity of the proposed 
method. The simple linear and ElasticNet baseline models perform 
poorly, with R2 values only around 0.5, indicating that the underlying 
relationship between smartphone image features and PM2.5 ground 
truth is complex and non-linear, making advanced tree-boosting algo
rithms like XGBoost indispensable.

While single-view CNNs produced reasonable estimates (R2 up to 
0.8746), their accuracy remains lower than that of the proposed multi- 
view XGBoost model. In addition, applying CNNs to multi-view data 
results in poorer performance compared to single-view CNNs. This 
decline can be attributed to the fact that these networks typically 

Table 2 
Model performance under different meteorological feature combinations.

Model R² RMSE (μg/m³)

Model 4 0.8164 13.8986
Model 4 + solar zenith angle 0.8378 13.0628
Model 4 + relative humidity 0.9432 7.7324
Model 4 + solar zenith angle + relative humidity 0.9557 6.8247

Table 3 
Comparative performance evaluation of air quality prediction models: The 
proposed method vs. Single view image-based models from recent research.

Method Study Area Performance metric

Met-EfficientNet-B1- 
BiLSTM [12]

Delhi, India Pearson r: 0.94, MAE: 
4.06 µg/m³

VGG-LSTM [24] Shanghai, China R2: 0.94, RMSE: 5.11 µg/m³
PE-ResNet18 [46] Beijing, China LCC: 0.91, RMSE: 13.47 µg/ 

m³
Regression-Based CNN 

[47]
Delhi, India R2: 0.94, NMSE: 0.03 µg/m³

En3C-AQI-Net [48] Delhi, India R2: 0.86, Accuracy: 89.28%
Patch-wise GBDT [39] Shanghai, China R2: 0.88, RMSE: 10.42 µg/m³
DCCN-ALSTM [49] Shanghai, China R2: 0.71, RMSE: 14.07 µg/m³
AQE-Net [50] Karachi, Pakistan Accuracy: 70.1%
MIFFN [15] Beijing, China R2: 0.85, RMSE: 40.78 µg/m³
SVR [17] Beijing, China Pearson r: 0.92, RMSE: 

29.90 µg/m³
MIFF [51] Beijing, China LCC: 0.85
AQC-Net [52] Lanzhou, China Accuracy: 74%
CNN-GBM [53] Shanghai, China R2: 0.85, RMSE: 10.02 µg/m³
Proposed Method in this 

study
Hebei Province, 
China

R2: 0.96, RMSE: 6.82 µg/m³

Fujian Province, 
China

R2: 0.89, RMSE: 3.63 µg/m³
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contain a massive number of trainable parameters and require huge 
amounts of training data. Our dataset contains several thousand images, 
which is sufficient for traditional machine learning algorithms, but is 
relatively limited for deep learning models. Furthermore, concatenating 
high-dimensional visual data from multiple views significantly expands 
the feature space. Under the current sample size, this high dimension
ality makes CNNs prone to overfitting. In contrast, XGBoost requires 
fewer computational resources and provides model interpretability. This 
interpretability is a key advantage, as it makes the feature importance 
analysis in Section 3.3 below possible.

3.3. Region-wise feature importance analysis

3.3.1. Importance analysis for different types of features
Fig. 3 demonstrates the importance of features from different se

mantic regions of multi-view images. Color and LBP are the most 
important features for predicting PM2.5 concentrations in both Hebei 
and Fujian datasets. The important role of these features is closely 
related to the variations in weather conditions (such as sunny, cloudy, 
and overcast) during data collection. Different weather conditions 
correspond to different patterns of natural light, which directly alter the 
brightness, color, and edge texture in smartphone photographs [54,55]. 
For example, under conditions with poor lighting (such as overcast), the 
overall image contrast decreases, which may affect the visual cues of 
PM2.5 and make image-based estimation more challenging. Conse
quently, the model relies heavily on Color and LBP, as they are able to 
capture these visual variations under complex lighting conditions.

The underlying surface type shows a significantly higher importance 

score in the Fujian dataset than in the Hebei dataset, likely because the 
Fujian dataset features a more balanced distribution of samples between 
“natural ground” and “artificial ground” categories (artificial vs. natural 
ground proportions: 77.2%/22.8% in Fujian; 98.4%/1.6% in Hebei). 
This more even split in Fujian makes the binary classification a more 
informative and consistently useful predictor for estimating PM2.5 con
centrations. In contrast, in the Hebei dataset, samples from the “artificial 
ground” category overwhelmingly outnumber those from the “natural 
ground” category, reducing the discriminative power of the underlying 
surface type and limiting its contributions to the model.

The feature importance analysis of the meteorological variables is 
consistent with the findings in Table 2, confirming again that relative 
humidity is the most influential factor. The rationale behind such a high 
importance score lies in the physical process of aerosol hygroscopic 
growth [56,57]. When ambient humidity rises, the water-soluble com
ponents within PM2.5 take up water and expand in volume. This size 
expansion substantially enhances the particles’ light scattering and 
extinction. As a result, smartphone photographs captured under high 
humidity conditions often exhibit reduced visibility and image contrast, 
thus making image-based estimation more challenging if humidity is 
ignored. Therefore, consistent with previous research [23,39,45,53], 
incorporating relative humidity is necessary, as it allows the model to 
account for the impact of ambient moisture on visual degradation, 
thereby estimating the true PM2.5 concentration and leading to sub
stantial improvements in model performance. Due to its role in ac
counting for aerosol hygroscopic growth, relative humidity holds high 
feature importance.

In contrast, the solar zenith angle contributes only marginally to the 
model performance. This may be because the information provided by 
the solar zenith angle has already been captured by the multi-view 
method used in this study. Specifically, solar zenith angle is a direct 
reflection of the time of day, which strongly affects the direction of 
ambient illumination [54]. Therefore, previous single-view studies have 
sought to incorporate the specific time of photo capture to account for 
these lighting variations [39,53]. In our study, however, the multi-view 
approach uses images from multiple directions rather than relying on a 
single view. As a result, the lighting information associated with solar 
zenith angle is already captured by the multi-view images, making solar 
zenith angle less informative as an additional predictor. The relatively 
low feature importance of solar zenith angle in this study therefore 
suggests that the effect of time of day on our model is limited.

Table 4 
Performance comparison between the proposed method and competitive base
line models.

Method Backbone R2 RMSE(µg/m³)

Single-view Linear Regression 0.5503 21.0382
Multi-view Linear Regression 0.4848 25.065
Single-view ElasticNet 0.5549 20.9311
Multi-view ElasticNet 0.5632 23.0794
Single-view Resnet-50 0.8746 11.6165
Multi-view Resnet-50 0.8129 14.792
Single-view Densenet-121 0.8585 15.8236
Multi-view Densenet-121 0.7953 15.4732
Multi-view The proposed method 0.9557 6.8247

Fig. 3. Feature importance analysis. The suffix “V” indicates features extracted from the vegetation semantic region, “S” denotes features from the sky region, “B” 
refers to features from the buildings region, and “G” represents features extracted from the ground region.
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Notably, the importance of transmission is relatively low in our 
analysis, which differs from previous findings [39]. This discrepancy 
likely arises because earlier studies used images captured by fixed 
cameras, where the positions of objects and the shooting angles 
remained constant, making image clarity the main source of variation. 
Under such controlled conditions, transmission could serve as an 
effective indicator of PM2.5 concentration. In contrast, our study uses 
photographs from mobile monitoring, which introduce substantial var
iations in image illumination conditions. This variability reduces the 
usefulness of transmission for PM2.5 estimation, while enhancing the 
relevance of other image features.

3.3.2. Importance analysis of different semantic regions
Fig. 3 also shows that features extracted from the sky region 

consistently demonstrate high importance. This contrasts with findings 
from previous fixed-camera studies, where features derived from 
building regions were typically found to be more critical for PM2.5 
estimation than those from the sky region [39,53].

A plausible explanation is the much greater variation in viewpoint 
and scene composition introduced by mobile monitoring. In fixed- 
camera settings, buildings serve as static references for assessing vi
sual cues related to PM2.5 concentration, whereas the sky region is prone 
to cloud disturbances, introducing instability to the extracted features. 
Furthermore, the building region contains richer visual details than the 
sky, potentially offering more visual information [39]. However, in our 
study, images are collected across different times and locations. Under 
these circumstances, buildings and the ground vary considerably in 
architectural style, color, material, and camera distance. Additionally, 
because the ground is in close proximity to the lens, the optical path is 
too short for PM2.5-induced scattering to produce perceptible visual 
degradation. As a result, building and ground features, such as color and 
edge texture, become noisy and unsuitable as consistent predictors. In 
contrast, the sky provides a more stable reference in mobile settings. 
Because the sky tends to exhibit broadly similar visual characteristics 
across different locations at any given time, subtle variations in its fea
tures can more reliably reflect changes in PM2.5 concentrations. While 
still affected by cloud disturbances, the sky background remains rela
tively stable when images are captured from different angles at the same 
location compared to the constantly changing buildings. Therefore, the 
color of the sky (color_S) and the haziness of sky edges (lbp_S), the latter 
captured by the local binary pattern of the sky region, act as stable in
dicators of PM2.5-induced light extinction, explaining their prominent 
importance in our study.

Nonetheless, information from the sky alone is insufficient for 
tracking PM2.5 variations, as the features derived from it exhibit only 
subtle changes, as mentioned earlier. It is thus essential to incorporate 
features extracted from other semantic regions. Our analysis reveals that 
the importance of features from other semantic regions varies signifi
cantly across the two datasets. While features extracted from the vege
tation region are exceptionally dominant in the Hebei dataset, their 
importance in the Fujian dataset is comparable to that of buildings and 
the ground. A possible explanation is that geographical differences be
tween the two study areas, including variations in natural environments, 
urban characteristics, and pollution levels, lead to different data distri
butions, which in turn alter the relative importance of predictive fea
tures. Specifically, in the Hebei dataset, vegetation color (color_V) is the 
most important feature. This pattern aligns with the province’s 
temperate climate and the sampling periods of July and November. 
Between these months, vegetation appearance changes markedly from 
summer foliage to sparse or leafless conditions in late autumn, coin
ciding with seasonal spikes in PM2.5 concentrations during the heating 
season. As a result, vegetation color exhibits a stronger association with 
PM2.5 variations in Hebei. In contrast, in the Fujian dataset, vegetation 
color has a lower importance score, while the edge texture of the sky 
(lbp_S) is the most prominent feature. This is because Fujian has a 
subtropical climate and widespread evergreen vegetation, meaning that 

vegetation appearance remains relatively stable across sampling 
months.

Furthermore, Fujian has one of the highest vegetation coverage rates 
in China, and vegetation is widely distributed in urban environments. 
Consequently, vegetation-related features show minimal spatial varia
tion across locations, providing limited discriminative power for ma
chine learning models. In the absence of significant seasonal or spatial 
variations in vegetation that could serve as a predictive proxy, the model 
relies on the direct optical degradation caused by aerosol extinction. 
This visual degradation is best captured in the unobstructed sky region. 
This explains why sky texture, combined with relative humidity to ac
count for aerosol hygroscopic growth, becomes the primary indicator for 
estimating PM2.5 in this evergreen southern province.

4. Discussion

A major limitation of image-based methods is their insufficient 
robustness and stability, as their predictive results are often susceptible 
to changes in camera angles that significantly affect image content and 
illumination conditions. Our study addresses this critical gap by intro
ducing a multi-view approach and incorporating meteorological infor
mation, demonstrating that integrating information from multiple 
perspectives substantially improves model accuracy and robustness. In 
addition, the proposed method shows superior performance over mul
tiple competitive baseline models. This suggests that users can achieve a 
more reliable PM2.5 estimation simply by capturing two additional 
photos from different angles at a given location. In practice, therefore, 
this multi-view approach improves estimation accuracy without sub
stantially increasing the burden on users.

Another critical challenge in existing image-based PM2.5 estimation 
research is the spatiotemporal mismatch within training data. To 
address this issue and demonstrate the effectiveness of our multi-view 
approach, we construct two high-quality datasets across diverse urban 
environments in northern and southern China. These benchmark data
sets contain rigorously spatiotemporally registered PM2.5 measurements 
and multi-view images. They overcome the limitations of prior training 
datasets by eliminating spatiotemporal mismatch during data collection, 
while also expanding spatial coverage beyond urban main roads to 
include diverse everyday microenvironments. By doing so, our work 
serves as a foundational starting point for the field to construct larger- 
scale datasets and more robust models. Leveraging the datasets, we 
develop a multi-view machine learning approach to estimate PM2.5 
concentrations from smartphone photographs, further quantifying the 
relative contributions of features from different semantic regions within 
images to inform subsequent research.

Encouraging health-protective behaviors has become an important 
direction in current air pollution management. Personalized air pollu
tion exposure feedback plays a pivotal role in promoting such behaviors 
[1,4,58,59]. However, previous studies have predominantly used air 
pollution sensors to provide such information. The purchase and 
maintenance costs of these sensors create a barrier to entry, thereby 
limiting their widespread adoption and feasibility for large-scale public 
implementation. In addition, although many studies have attempted to 
combine personalized air pollution exposure data with interventions 
such as personalized health advice, communication with participants, 
group discussions and customized exposure reports [29,60,61], such 
intervention methods often rely on manual operation and human sup
port. While they may be feasible in small-scale experimental studies, 
they are likely difficult to scale to larger populations. In contrast, our 
proposed method can be deployed on smartphones. The ubiquity and 
flexibility of smartphones allow for the integration of multiple inter
vention methods at a minimal marginal cost.

Furthermore, when deployed through crowdsourcing or citizen sci
ence approaches, the scalability of the proposed method allows indi
vidual observations to be aggregated into a large-scale, high-resolution 
dataset in which each data point is paired with a set of multi-view 
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images. This approach stands in contrast to traditional sensor networks, 
whose widespread adoption is often hampered by their costs of pur
chase, maintenance, and calibration [62-64]. Our method, by contrast, 
leverages ubiquitous smartphones to substantially lower the barrier to 
participation, enabling crowdsourced monitoring on a scale previously 
difficult to achieve. This process not only fosters public awareness and 
community engagement, but also offers the fine-grained evidence 
needed to identify areas of environmental injustice, evaluate the effec
tiveness of local interventions, and ultimately support more inclusive 
and responsive evidence-based ecological and environmental gover
nance [65–69]. Therefore, the proposed method has the promising po
tential to help raise public awareness of air pollution, promoting 
health-protective behaviors and supporting the precise management of 
environmental risks.

5. Limitations

Overall, we introduce a multi-view machine learning approach for 
estimating PM2.5 concentrations from smartphone photographs. Our 
primary contributions lie in eliminating the spatiotemporal mismatch 
during the training data construction phase and proposing a novel multi- 
view methodological framework. While our proposed framework dem
onstrates superior performance and outperforms existing baseline 
models such as CNNs, these findings are observed within the constraints 
of the current relatively small dataset size. Moving forward, expanding 
the dataset and exploring more advanced multi-view learning archi
tectures (such as attention-based fusion or transformer networks) 
remain highly promising direction for advancing image-based PM2.5 
estimation.

Our primary goal in this study was to demonstrate the feasibility of 
the multi-view approach using a small but rigorously curated dataset. 
While the strong performance on both the Hebei and Fujian datasets 
validates the reliability of our proposed method, this relatively limited 
dataset size inevitably introduces some limitations, alongside those 
inherent to mobile monitoring itself. For instance, because portable 
aerosol monitors like the DustTrak lack a heated drying function, 
ambient moisture may introduce measurement bias. In addition, our 
dataset does not cover rainy or extreme conditions. Furthermore, as our 
dataset focuses on specific months and daylight hours across two 
provinces, the direct generalizability of the trained models is 
geographically limited. Directly applying these models to geographical 
regions with different climates or landscapes may therefore involve 
substantial domain shifts, thereby degrading model performance. In 
fact, overcoming domain shifts remains an unresolved challenge across 
many machine learning research fields [70,71], including image-based 
PM2.5 estimation. Accordingly, the current models should be used 
with caution under complex weather conditions and when applied to 
other regions with different climates and landscapes.

Importantly, while the specific models are region-dependent, our 
proposed methodological framework is transferable. To apply our 
approach in a new area, researchers can simply follow our workflow to 
collect local data and retrain the model. Therefore, the established 
framework still provides a reliable foundation for scaling up crowd
sourced monitoring in diverse environments. Ultimately, our work 
serves as a meaningful starting point for the field, enabling future 
research to build larger-scale datasets and better models. To address 
these remaining gaps and better overcome cross-regional domain shifts, 
we recommend that future research expand the dataset to encompass 
more diverse locations, seasons, and complex weather conditions. 
Developing advanced models with domain generalization capabilities 
will also be an important direction to fully address this challenge.

6. Conclusions

Existing image-based PM2.5 estimation methods often suffer from 
two shortcomings: the spatiotemporal mismatch in training data and the 

limited visual information of single-view images. Our study contributes 
to overcoming these limitations. Specifically, the core contributions of 
this study lie in the novelty of our data collection and the innovation of 
our methodological framework. We establish a systematic workflow to 
construct two rigorously spatiotemporally registered benchmark data
sets, effectively overcoming spatiotemporal mismatch and providing a 
reliable starting point for future research. A novel multi-view method
ological framework is also proposed. Models independently trained and 
evaluated on each dataset demonstrate that this framework effectively 
mitigates the visual biases in traditional single-view approaches, 
improving estimation accuracy and model robustness. Furthermore, our 
feature importance analysis yields valuable insights into the physical 
and environmental interpretability of the model.

However, the current models are still constrained by the restricted 
geographic and temporal representativeness of the datasets and by 
cross-region domain shifts caused by variations in climate, urban envi
ronments, and vegetation. Future research should expand data collec
tion to more diverse climates, seasons, and complex weather conditions 
to build larger-scale datasets and better models. Moreover, developing 
models that can better generalize across domains will be essential for 
mitigating the impact of geographical domain shifts.

Ultimately, by leveraging ubiquitous smartphone technology, our 
approach shows strong potential to provide personalized, low-cost air 
quality feedback during daily activities. This capability complements 
existing monitoring networks by filling critical spatiotemporal gaps and 
offering individuals more accurate exposure information. In the long 
term, portable monitoring systems integrated into smartphones enabled 
by algorithms such as our multi-view image-based approach could 
enhance public awareness, encourage protective behaviors, and support 
policymakers in developing more precise and sustainable air quality 
management strategies.

Environmental Implication

Fine particulate matter (PM2.5) is a hazardous air pollutant with 
adverse health effects. Estimating PM2.5 concentrations from smart
phone photographs can provide personalized exposure information to 
help individuals reduce health risks. Existing methods, however, largely 
rely on single-view images matched to nearby PM2.5 monitoring data, a 
strategy that introduces systematic spatiotemporal misalignment in the 
training data and leaves estimations highly susceptible to variations in 
illumination and camera angles. We propose a multi-view machine 
learning approach that addresses such bias and leverages complemen
tary visual information to substantially improve PM2.5 estimation, with 
the potential to advance environmental justice by expanding access to 
localized, reliable air quality information.
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