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HIGHLIGHTS

e Employed ConvNeXt model, used transfer learning to identify NPF events.

e Comparative analysis showed ConvNeXt’s outstanding 95.3% accuracy.

o Tests with different ConvNeXt variants demonstrated enhanced capabilities.

e ConvNeXt-XL excelled, achieving 96.4% accuracy in generalization experiments.

ARTICLE INFO ABSTRACT

Keywords: New aerosol particle formation (NPF) events play a significant role in altering aerosol concentrations and
Ultrafine particles nucleation dispersion within the atmosphere, making them vital for both climate and air quality research. The primary
ConvNeXt

objective of investigating NPF events is to precisely determine their occurrence dates. In this study, we intro-
duced the ConvNeXt model for the first time to identify NPF events, and compared its performance with two
other deep learning models, EfficientNet and Swin Transformer. Our main aim was to automate an objective
identification and classification of NPF events accurately. All three models employed transfer learning to
effectively capture critical features associated with NPF. Our results demonstrated that the ConvNeXt model
significantly outperformed the other models, achieving an impressive accuracy rate of 95.3% on event days,
surpassing EfficientNet (92.8%) and Swin Transformer (94.9%). Furthermore, we performed tests using different
ConvNeXt variants (ConvNeXt-T/S/B/L/XL) and different pre-training weights, revealing that different config-
urations of ConvNeXt models exhibited improved NPF event recognition capabilities. Finally, we conducted
generalizability experiments using the ConvNeXt-XL model, achieving the highest accuracy of 96.4% on event
days. This study not only underscores the recognition prowess of ConvNeXt models but also highlights their
practical utility in accurately detecting NPF events in real-world scenarios. This contribution aids in advancing
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our comprehension of aerosol dynamics in atmospheric environments, providing valuable insights for climate

and air quality research.

1. Introduction

The impact of aerosol particles on air quality (AQ), human health,
and the global climate has been widely studied and recognized (Lelie-
veld et al., 2019; Luo et al., 2020; Rosenfeld et al., 2008; Zhang et al.,
2019). For instance, aerosol exposure can increase cardiovascular and
respiratory health effect in humans (Trechera et al., 2023; WHO, 2021).
Furthermore, atmospheric aerosols play an important role in influencing
global radiative forcing and climate impacts (Zhong et al., 2017), thus
garnering significant attention on a global scale. Currently, there is a
wealth of observations regarding aerosol number concentrations and
their size distributions worldwide (Alonso-Blanco et al., 2018; Carnerero
et al., 2021; Trechera et al., 2023), with new particle formation (NPF)
being a substantial contributor to atmospheric aerosol particles, ac-
counting for at least 50% of particles in the global atmosphere (Wang
et al., 2015; H.B. Xie et al., 2017; Zhang et al., 2012).

The process of NPF can be divided into two main steps: homogeneous
nucleation and growth (Kulmala et al., 2006). Nucleation involves the
combination of atmospheric gas-phase vapors, such as sulphuric acid,
ammonia, amines, and low volatility organic compounds, which un-
dergo a gas-particle conversion process to form molecular clusters
(Kulmala et al., 2000; Lehtipalo et al., 2018; Napari et al., 2002). Sub-
sequently, these molecular clusters can be affected by further collisions
of molecules until the cluster is thermodynamically stabilized and a new
aerosol particle is born. The particle can further grow continuously
mainly by condensation of additional vapors and coagulation, leading to
increase in particle diameter (Cai and Jiang, 2017; Kulmala et al., 2013;
Yue et al., 2010). During regional NPF events, a distinct “banana” shape
appears in the particle number size distribution (PNSD) surface plot. The
processes of NPF play a significant role in the atmospheric environment
and have important implications for AQ (Du et al., 2021), cloud physics
(Park et al., 2021), global radiation balance (Kulmala, 2003), and
human health (Zhang, 2010). These events are highly affecting the levels
of ultrafine particles (UFP) under different environmental conditions, as
documented in diverse settings worldwide (Beck et al., 2021; Kecorius
et al., 2015; Salma et al., 2021; Lihavainen et al., 2003; Pierce et al.,
2014). For example, in the Pearl River Delta Region of China, secondary
formation provides 72% of the particle number concentration (PNC) and
79% of the mass concentration (Chu et al., 2019). Moreover, NPF events
pose a major uncertainty that holds primary importance in global
climate modeling and prediction issues (Almeida et al., 2013; Ehn et al.,
2014; Wang et al., 2015; Zhang et al., 2004).

The investigation of regional NPF events typically begins with the
identification of whether an NPF event has occurred. Current research
on NPF event detection can be categorized into three main approaches:
manual-based, rule-based, and data-based. In the manual-based
approach, researchers classify NPF events based on specific features

observed in the PNSD map on a daily basis (DAL MASO et al., 2005;
Hamed et al., 2007; Vana et al., 2008). This approach allows experts to
visually distinguish regions on the graph that indicate the presence of an
NPF event (Kulmala et al., 2012). However, the manual-based approach
is labor-intensive, time-consuming, and subjective due to potential
human bias. The rule-based approach involves classifying NPF events
using predefined steps and thresholds of PNC as prior knowledge, which
enables automatic classification of NPF events (Dada et al., 2018; Kul-
mala et al., 2012). However, PNC can vary significantly across different
environments, making prior knowledge obtained from one site unreli-
able in other sites or complex scenarios. Data-based methods employ
models that automatically identify NPF events based on measured PNSD
data and labeled annotations of NPF event types (Joutsensaari et al.,
2018; Suetal., 2022; Zaidan et al., 2018). The advantage of using neural
networks (NNs) in data-based approaches is that they do not rely on
specific PNC thresholds and can perform automatic classification, of-
fering potential for deeper understanding and addressing aerosol-related
issues in the atmospheric environment. Although previous studies have
demonstrated the feasibility of image classification methods for NPF
event detection, there is still room for improvement in classification
accuracy, and the generalization performance of the models remains
unsatisfactory. For example, Joutsensaari et al. (2018) achieved an ac-
curacy of only 80% for event day classification, while Zaidan et al.
(2018) reported an accuracy of 84.2%. In the study by Su et al. (2022),
the accuracy of their model decreased as the objectivity score increased
when using intensity segmentation to identify NPF event days. For
instance, with an objectivity score of 0.2, the accuracy for event days
was 90.6%. Additionally, there is a limited number of studies utilizing
deep learning methods for NPF event detection, and robust model
testing is lacking in the existing literature. Meanwhile, the source
apportionment methods also allow detecting hourly source components
of specific UFP sources (including PNC), and this also allows detecting
NPF events. These methods are based on source apportionment analysis
using reception modes such as positive matrix factorization (PMF)
(Vorosmarty et al., 2024; Hopke et al., 2022 and references therein;
Rivas et al., 2020) and clustering analysis (Salimi et al., 2014).

In this study, a pre-trained NN model is used to automatically classify
NPF events through migration learning. We screened the EfficientNet
model (Tan and V. Le, 2020), Swin Transformer model (Liu et al., 2021),
and ConvNeXt model (Liu et al., 2022) by their performance on the
ImageNet dataset (Deng et al., 2009), then compared their performance
in the NPF event classification task. This study offers a more accurate
solution for the classification of NPF events, contributing to a better
understanding of the performance advantages exhibited by various NN
models in this task. Through a comparative analysis of different NN
models, we can provide guidance on selecting the most suitable model to
enhance the effectiveness of NPF event classification.

Table 1

Measurement station and instrumentation supplying PNSD datasets to this study with location and type of environment.
City (country) Station Name Station type Coordinates Altitude
Budapest ( Hungary ) BpART Urban Background 47°28'30"N, 19°3'45'E 115m
Dresden ( Germany ) Winckelmannstrape Urban Background 51°03'53"N, 13°44'29'E 120m
Leipzig ( Germany ) TROPOS Urban Background 51°21'9'N, 12°26'5'E 113m
Langen ( Germany ) UBA Urban Background 50°0'0"N, 8°23'24"E 130m
Dresden ( Germany ) North Traffic 51°05'13.7"N, 13°45'47"E 116m
Leipzig ( Germany ) Mitte Traffic 51°20'39'N, 12°22'38'E 111m
Leipzig ( Germany ) Eisenbahnstrasse Traffic 51°20'40.6"N, 12°25'20.6"E 120m
Ispra (Italy) JRC Regional Background 45°48'53'N, 8°389.9" E 209m
Prague ( Czech) Suchdol Suburban Background 50° 7'35"N, 277m

14° 235" E
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Table 2

Instruments used to measure PNSD in the different stations. CPC, Condensation
Particle Counter; DMPS, Differential Mobility Particle Sizer or Flow-switching
Differential Mobility Particle Sizer; SMPS, Scanning Mobility Particle Sizer;
TDMPS, Twin Differential Mobility Particle Sizer; TSMPS, Twin Scanning
Mobility Particle Sizer; UCPC, Ultrafine Condensation Particle Counter.

Station Availiable data

Name

Data availability Range

(nm)

BUD_UB
DRE_UB

DMPS + CPC TSI 3775
TROPOS-SMPS uses a Vienna-
type DMA 28 cm + CPC TSI
3772

TROPOS-TDMPS uses a
Vienna-type DMA 11 cm +
UCPC TSI 3025

SMPS TSI 3080 + TSI 3772,
rebuild at TROPOS incl.
software

TROPOS-TSMPS uses a
Vienna-type DMAs 11 cm and
28 cm + UCPC TSI 3025 and
CPC TSI 3772
TROPOS-TDMPS uses a
Vienna-type DMA 11 cm +
UCPC TSI 3025
TROPOS-TDMPS uses a
Vienna-type DMA 11 cm +
UCPC TSI 3025

DMPS Vienna-type, home-
made +

CPCTSI 3010/3772

SMPS TSI 3034 rebuilt at
TROPOS

2013.11.13-2019.12.31
2010.12.2-2019.12.31

11-816
10-800

LEI.UB 2009.1.1-2019.12.31 10-800

LAN_UB 2017.1.1-2019.12.31 10-544

DRE_TR 2017.1.1-2019.12.31 5-800

LELTR 2017.1.1-2019.12.31 10-800

LEI2 TR 2017.1.1-2019.12.31 10-800

ISP_RB 2017.1.1-2019.12.31 10-800

PRA_SUB 2017.1.1-2019.12.31 11-478

2. Data and methods
2.1. Measurement sites, instrumentation and dataset

We examined an extensive dataset of PNSD over an extended period.
This dataset contains nine monitoring sites, including four urban back-
ground sites (Budapest, BUD_UB, Dresden, DRE_UB, Leipzig, LEI_UB,
and Langen, LAN_UB), three traffic sites (Dresden, DRE_TR, two sites in
Leipzig, LEI TR, LEI2_TR), one regional background site (Ispra, ISP_RB),
and one suburban background site (Prague, PRA_SUB) as shown in
Table 1.

To assemble the PNSD dataset, diverse instruments were employed,
resulting in variations in the range of particle sizes that were measured
as shown in Table 2. The instruments used were the Scanning Mobility
Particle Sizer (SMPS), Differential Mobility Particle Sizer or Flow-
switching Differential Mobility Particle Sizer (DMPS), Twin Scanning
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Mobility Particle Sizer (TSMPS) or Twin Differential Mobility Particle
Sizer (TDMPS). The Aerosol, Clouds and Trace Gases Research Infra-
structure (ACTRIS) guidelines recommend a particle size measurement
range of 10-800 nm (ACTRIS, 2021). However, for research purposes,
especially in studying nucleation events, or due to equipment limita-
tions, certain sites have measured PNSD in other sizes. At the BUD_UB
site, the PNSD range of 10.8-816.2 nm considered in this study was
extracted from the broader measured diameter interval, at the LAN_UB
site, it is 10-543.7 nm, at the DRE_TR site, measurements start from 5.1
nm, and at the PRA_SUB site, the measurement range is 10.9-478.3 nm.

To ensure data quality, we conducted a number of data quality
control procedures. We checked and corrected the time stamp of the
data to ensure that all measurements were synchronized. We applied a
data completeness filter to exclude data with poor availability. We also
applied a quality filter to exclude data with unrealistic particle counts,
such as those caused by instrument malfunction or ambient air
contamination.

2.2. Classification of new particle formation events

Based on existing studies on NPF phenomenon (Baranizadeh et al.,
2014; DAL MASO et al., 2005; Joutsensaari et al., 2018; Kulmala et al.,
2012), the PNSD map in this study were classified into five different
classes :

—Class E events (Class_E). A new mode appeared in the number
spectrum distribution of the PNSD, and this new mode started to
appear from the nuclear modal particle size range (3-25 nm) and
showed an increasing trend.

—Class N events (Class_N) indicate the NPF, but no clear growth
process can be observed. These events may also include days with
weak growth.

—Nonevent days (Class_NE). Days with no NPF within the particle
size range of the nucleation mode.

—Class unclear (Class_0). Some days do not meet the above classi-
fication criteria, and it is difficult to determine whether a NPF event
has occurred since some but not all features for events can be seen.
—Bad Data (Class_BD). Days with missing or anomalous data due to
instrument malfunction.

Fig. 1 portrays the diverse classes of NPF events. Class_E is regarded
as clear event class due to the evident visibility of all stages in the
process of NPF. In contrast, Class_N comprises days where evidence of
NPF is observable, but the growth of particles is not clearly evident. For
instance, NPF and their subsequent growth towards larger sizes may
occur within a short time frame but then cease (e.g., due to sudden

Class_N (20134-21)

1000

104

100

Diameter[nm]

=
o
W
—

00:00 0600 1200 18:00  00:00
Class_BD (2009-3-4) (©

=
o
~

dN/dlegDp (e

06:00 12:00 18:00  00:00

(©)

Fig. 1. Examples of different NPF event types (x-axis is time, y-axis is particle size, different colors indicate the number concentration of particles). (a) Class_E. (b)

Class_0. (c) Class_N. (d) Class_NE. (e) Class_BD.
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Table 3
Results of NPF dataset based on manual categorization and division of days to
training (using the 80% dataset) and testing (using the remaining 20%).

Event class Total days Percentage of days (%) Training Testing
80% 20%
Class_E 842 25 674 168
Class N 537 16 430 107
Class NE 1031 31 825 206
Class_0 536 16 429 107
Class_BD 422 12 338 84
Total 3368 100 2696 672

meteorological changes or rainfall). Additionally, this category includes
days when new particles do not grow to the Aitken mode size range
(25-100nm).

In order to address the deficiencies and constraints posed by limited
data samples, and consequently enhance the model’s versatility across
diverse scenarios, a pivotal strategy was adopted: the amalgamation and
consolidation of data obtained from the three distinct sites (BUD_UB,
DRE_UB, LEI_UB). By undertaking this amalgamation process, the model
gains an enhanced ability to apprehend both shared attributes and
distinctive aspects among the various sites, thus enabling it to adeptly
navigate the intricacies of change and unpredictability inherent in real-
world dynamics. The dataset was manually categorized by three experts
using the aforementioned classification criteria. In cases where there
was disagreement among the three experts, a fourth expert was con-
sulted for classification. If the classification result matched that of one of
the previous experts, that result was chosen. If the result did not match
any of the previous three experts’ results, it was categorized as Class_0.
Across all monitoring sites, NPF event days represented 8.6% (BUD_UB),
4.1% (DRE_UB), 7.2% (LEI_UB), 0.9% (LAN_UB), 4.1% (DRE_TR), 5.3%
(LEITR), 5.1% (LEI2_TR), 2.6% (ISP_RB) and 4.3%(PRA_SUB) of the
total monitoring duration at their respective locations. Throughout the
study, a subset of 3368 images with high confidence were chosen from
the comprehensive dataset for research purposes. To better capture the
image features of event days, we applied a twofold data augmentation to
the event day data, employing techniques such as translation, scaling,
and cropping. Among these, 80% of the images were dedicated to model
training, while the remaining 20% were allocated for model testing
(Table 3). Apart from the data from the three sites used for model
training, the data from the remaining sites was specifically utilized to
assess the model’s generalization capabilities.

2.3. ConvNeXt model

The ConvNeXt model borrows features from the Swin Transformer
architecture and summarizes the improvements to the convolutional
neural network (CNN) (here the authors choose ResNet-50) into five
parts, namely Macro Design, ResNeXt-ify, Inverted Bottleneck, Large
Kernel Sizes, and Micro Design, using all existing structures and methods

56x56x96 56x56x96

28x28x192
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(Liu et al., 2022). The model receives a PNSD image as input data and
extracts its RGB values. In implementing the network structure, we used
a pre-trained model and options (Epochs: 10; Batch Size: 8; Learning
Rate: 0.0001; Weight Decay: 0.0009; Optimization Functions: AdamW).
Its specific network structure is shown in Fig. 2.

Derived from the standard ResNet-50 and inspired by the Swin
Transformer implementation, the network architecture has undergone
modernization through five distinct enhancements.

Macro Design: The number of convolutional stages stacked in ResNet
is modified to 3:3:9:3 (i.e., 1:1:3:1). At the same time, they borrowed the
downsampling strategy of Swin Transformer and replaced the previous
Resnet-style stem cell downsampling strategy with a convolutional layer
of size 4x4 and step size 4.

ResNeXt-ify: The method borrowed from ResNeXt (S.N. Xie et al.,
2017) introduces deep convolution (a type of grouped convolution) and
increases the number of channels of the convolution kernel to the same
number of channels as Swin Transformer.

Inverted Bottleneck: as shown in Fig. 3, the bottleneck structure in
ResNext is thick at both ends and thin in the middle (i.e., the number of
middle channels is small while the number of upper and lower channels
is large), while the MLP module in the Transformer block and the
Inverted bottleneck module in MobileNetV2 (Sandler et al., 2018) are
similar in that they are both thin at both ends and thick in the middle, so
the latter structure is also used in the proposed method.

Large Kernel Sizes: The convolutional kernel size of the network is
enlarged to 7X7. Also, similar to the Transformer where the multi-
headed self-attentive mechanism is placed before the MLP module, the
authors reduce the overall computational effort by moving the deep
convolutional operations up in the network.

Micro Design: The activation function and the normalization layer in
the original network are removed, and only one activation function
between two 1x1 convolutional layers is retained. The original RELU
activation function and the original BatchNorm (BN) are replaced by
GELU and Layer Normalization (LN) respectively.

In this study, we used the cross-validation (CV) method that used
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Fig. 3. Reverse bottleneck structure schematic. (a) is a ResNeXt block; in (b),
an inverted bottleneck block is created, and in (c), the position of the spatial
depthwise conv layer is moved up.
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ConvNeXt Confusion Matrix
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Fig. 4. Confusion matrix results for a single run on the test set.

80% of the monitoring data as the training data, and the 10-fold CV
method to estimate the accuracy of the model. Furthermore, we con-
ducted a comparative analysis involving two other deep learning models
that have demonstrated exceptional performance on the ImageNet
dataset in recent years: Swin Transformer and EfficientNet (details
provided in the Supporting Material). Simultaneously, we applied
transfer learning techniques (Shin et al., 2016; Tan et al., 2018; Yosinski
et al., 2014) to fine-tune the initial three NNs, enhancing their capability
to classify NPF events.

2.4. Statistical analysis

Data processing and statistical analyses were performed using
Pycharm software (professional version 2022.2.2) and Python (v3.8.15).
The model construction was carried out using the PyTorch framework
(v2.0, cuda 11.8). Various libraries were employed in the data pro-
cessing phase, including PIL (v8.4.0), pandas (v1.2.3), openCV (v4.8.1),
and matplotlib (v3.5.3).

3. Results and discussion
3.1. Neural network classification

In this study, a single run of the three models on the test set was
performed using the confusion matrix (Fig. 4), a widely used tool when
evaluating specific computer vision models (Li and Deng, 2019; Nawwar
et al., 2021). The highest event-day recognition accuracy for the three
models was achieved by the ConvNeXt model (97.5%), followed by the
Swin Transformer (97.12%) and the EfficientNet (93.57%). This is due
to ConvNeXt’s greater ability to capture complex features in the dataset
as it has more parameters and inherits the benefits of traditional CNN,
including built-in features such as bias, sliding window and translation
invariance (Mauricio et al., 2023). At the same time, due to the depth-
wise convolution used in the ConvNeXt network being performed
independently on each channel, the network operates without involving
channel-wise mixing operations. This helps preserve the spatial infor-
mation of the input feature map, enabling the model to better capture
local patterns in images. The Inverted Bottleneck structure contributes
to preserving high-level representations of features, resulting in less
information loss after passing through the activation function. Liu et al.
(2023) used the ConvNeXt network to classify Chest X-ray (CXR) images,
which adjusted the network structure and loss function, and found that
the improved ConvNeXt network had better performance compared to
other classical CNN networks.

The ConvNeXt model architecture, in terms of design philosophy,
originates from ResNet and progressively integrates design concepts
from recent ViT architectures, creating a novel pure convolutional
network structure. The model comprehensively improves upon ResNet
at both macro and micro levels and has been extensively experimentally
validated for its superior performance. With the same FLOPS (Floating
Point Operations Per Second), ConvNeXt has faster inference speed and
higher classification accuracy than Swin Transformer.

Table 4

Performance of the three models on the test set (Image size is 224 x 224).
NPF type ConvNeXt Swin Transformer EfficientNet
Class E 95.3 94.9 92.8
Class N 88.5 82.1 86.6
Class_0 80.6 78.3 81.2
Class_NE 93.3 95.1 92.5
Class_BD 929 91.9 84.5
Total 91 89.9 88.5

In addition, the three models were executed 10 times on the test set
and averaged the values (in order to evaluate the performance of the
models in recognizing each category) (Table 4). Overall, the combined
accuracy of the three models is 91% (ConvNeXt), 89.9% (Swin Trans-
former) and 88.5% (EfficientNet), representing a notable improvement
over all previous studies related to deep learning in the recognition of
NPF events (Joutsensaari et al., 2018; Su et al., 2022).

Specifically, these models showed the highest accuracy in catego-
rizing Class_E and Class_NE, while the accuracy for Class_N and Class_0
was relatively low, and the accuracy rates for Class_BD was in the middle
range. The high accuracy in Class_ BD is mainly attributed to the
distinctive features within the BD category, notably the prevalence of
numerous missing data attributes. This distinction becomes particularly
apparent when examining the granularity distribution graph (Fig. 1 e)
when BD category becomes more distinguishable in comparison to the
other classes, ultimately resulting in a higher accuracy rate. Low accu-
racy of Class_N and Class_0 may be due to their intricate images with
complex texture, shape and spatial attributes. In addition, the similarity
between certain classes also plays a role (Cimpoi et al., 2016). For
example, the particle concentrations of Class_N and Class_0 remain low
in the range above 700 nm. At the same time, in the smaller particle size
range, there is a sudden influx of aerosol particles, which exhibit
irregular shapes in the images (Fig. 1 b and c).

In order to accurately describe the differences between classes, it has
been proposed to designate clear event days and weak event days as
quantizable and non-quantizable days (Baranizadeh et al., 2014), to
make the classification results of human and deep learning models more
consistent. Therefore, the results of this study showed that the recog-
nition accuracies of ConvNeXt model on NPF event days and non-event
days were 95.3% and 93.3%, respectively, while Swin Transformer and
EfficientNet were 94.9%, 92.8% for event days and 95.1%, 92.5% for
non-event days. This suggests that the ConvNeXt model’s ability to
accurately identify event days and non-event days approaches human
classification performance. In addition, this again demonstrates the
successful implementation of model migration learning.

3.2. Exploration of the ConvNeXt

To enhance the ConvNeXt model’s precision in classifying NPF event
days of Class_E, we conducted trials with various model scales on the
dataset (change the number of channel per ConvNeXt Block and the
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Table 5

ConvNeXt variants related information. C represents the number of input
channels in the 4 stages and B represents the number of times the ConvNeXt
Block was repeatedly stacked in each stage.

Variant type C B
ConvNeXt-T (96, 192, 384, 768) (3,3,9,3
ConvNeXt-S (96, 192, 384, 768) 3,3,27,3)
ConvNeXt-B (128, 256, 512, 1024) @3,3,27,3)
ConvNeXt-L (192, 384, 768, 1536) @3,3,27,3)
ConvNeXt-XL (256, 512, 1024, 2048) 3,3,27,3)

number of stacks (Liu et al., 2022), Specific information is shown in
Table 5), subsequently undergoing training and testing, as outlined in
Table 6. The experimental findings distinctly highlight that employing
an expanded ConvNeXt model scale contributes to higher accuracy in
classifying Class_E event days. The ConvNeXt-XL model achieves the
best accuracy, achieving 97.8% accuracy on event days and 93.3%
overall accuracy. Additionally, it is noteworthy that the model utilizing
ImageNet 22k pre-training weights exhibits a marginally superior clas-
sification accuracy compared to its counterpart with ImageNet 1k
pre-training weights (1k and 22k denote the number of classes in the
ImageNet dataset).

By appropriately increasing the depth of the network, the ConvNeXt
model can better capture abstract features and patterns in the image,
thus improving performance on complex tasks (He et al., 2016; Szegedy
etal., 2017; Tan and V. Le, 2020). In the intricate context of NPF events,
employing a larger network proves effective in extracting finer-grained
information from the data, thereby aiding the model in achieving more
precise event recognition. Loading more intricate pre-training weights,
such as those from ImageNet-22k, using the same model size, tends to

Table 6
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enhance event-day accuracy to some degree. A deeper network structure
and a greater number of feature channels generally result in an
expanded model parameter count, thereby enhancing the model’s
representational capacity (Khan et al., 2020). This augmentation facil-
itates the model in capturing more intricate and abstract features,
empowering it to more effectively adapt to the intricacies of the training
data. Compared to ConvNeXt-T, ConvNeXt-S/B/L/XL employs a deeper
network structure and a higher number of feature channels, thus pre-
senting superior performance in classification tasks.

From a data perspective, as observed in Fig. 5, it is evident that
different categories share similar or identical features, making the fea-
tures of images from distinct classes not entirely unique. Taking
Class BD as an example, its images encompass features present in
Class_0. Additionally, there is positional occlusion among the features.
Therefore, the model requires a greater number of parameters to discern
these intricate scenarios.

3.3. Verification of generalizability

To assess the generalization performance of the ConvNeXt model, we
conducted experiments utilizing ConvNeXt-XL at six sites: LAN_UB,
DRE_TR, LEL_ TR, LEI2_TR, ISP_RB, and PRA_SUB. The detailed results
are presented in Table 7.

The event-day accuracies for each site are as follows: 75.0%
(LAN_UB), 84.4% (DRE_TR), 86.2% (LEI_TR), 96.4% (LEI2_TR), 78.6%
(ISP_RB), and 55.3% (PRA_SUB). These results underscore the excep-
tional generalization performance of our model in event-day recogni-
tion. It is noteworthy that a 10.2% difference exists between the results
obtained from the LEI TR and LEI2_TR sites. We attribute this discrep-
ancy to disparities in external traffic and site surroundings, leading to

Accuracy of the ConvNeXt model on the test set (Image size is 224 x 224); 1k and 22k denote the number of classes in the ImageNet dataset.

NPF type ConvNeXt-T ConvNeXt-S ConvNeXt-B ConvNeXt-L ConvNeXt-XL
1k 1k 1k 22k 1k 22k 22k
Class_E 95.3 95.9 96 96.3 96.7 97.2 97.8
Class N 88.5 88.1 88 90.1 89.6 89.7 89.7
Class_0 80.6 82 84.4 82 83.4 85 83.2
Class_NE 93.3 94.2 94.4 95.1 95.6 89.9 91.1
Class_BD 92.9 92.7 91.7 93.9 95 96.4 96.9
Total 91 91.5 91.8 91.9 92.4 93.5 93.3
Class_E
00 00:00 000 06:00 1200 18:00 00:00 00:00 0600 1200 1800 00:00
1000 1000
Class_N
06:00 12:00 18:00 00:00
Class_0
Class_NE
06:00 12:00 18:00 00:00 00:00 06:00 12:00 18:00 00:00 00:00 06:00 12:00 18:00 00:00 00:00 06:00 12:00 18:00 00:00
1000 1000 1000
Class_BD m -
; 10

00:00 06:00 12:00 18:00 00:00  00:00

0600 1200 1500 0000 0000 0600 1200 15:00 00:00 0000 06:00 1200 18:00 00:00 0000 0600 1200 18:00 00:00

Fig. 5. Examples of data for each category in PNSD.
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Table 7

Experimental results on the generalizability of the ConvNeXt-XL model.
Class label LAN_UB DRE_TR LELTR LEI2_ TR ISP_RB PRA_SUB
Class E 75 84.4 86.2 96.4 78.6 55.3
Class N 46.2 44.8 31 40 54.5 37.9
Class_0 63.6 27.1 71.3 59.7 12.7 34.2
Class NE 84.1 94.5 96.3 96.8 95.8 96.1
Class_BD 98.1 90 97.7 82.9 97.2 97.4
Total 76.1 59.2 81.1 68.5 48.8 59.2

distinctions in data features between the two sites. At the PRA_SUB site,
the lower event day accuracy is attributed to the cleaner air in the site’s
vicinity, resulting in a substantial feature disparity between the site data
and the model training data. The lower accuracy of model generalization
for Class_0 vs. Class_N can be partially ascribed to variations in PNSD
maps caused by differences in traffic, air quality, and geography be-
tween sites. Additionally, the model’s need for more complex feature
representations contributes to this discrepancy. The more complex fea-
tures here are not limited to the “banana-like” nucleation process, but
also include features such as the correlation of previous and later time
events that the model can learn, as well as the overall pollution status of
the station. Addressing these differences may necessitate a more in-
depth analysis and refinement to enhance the model’s generalization
performance for these specific classes.

Due to their data-driven nature, the performance of deep learning
models is highly reliant on the training data. The model’s performance
can vary across different datasets. When training the model using
different datasets, it is essential to ensure the quality (i.e., the credibility
of event-day classification results and the various forms of particle
“nucleation-growth” on event days) and quantity of the data. Addi-
tionally, experimentation and adjustments may be necessary for
hyperparameters like the learning rate.

4. Conclusions

This study designed a new deep learning method to automatically
detect regional NPF events, which approaches the accuracy level of
manual classification. The ConvNeXt model achieves 95.3% accuracy,
followed by the swin Transformer and EfficientNet models with 94.9%
and 92.8% accuracy, respectively. Furthermore, the ConvNeXt model
performs best in downstream tasks (especially NPF event classification).
The ConvNeXt-XL model achieved an even higher event-day accuracy of
97.8%. In the generalizability experiments, the event-day accuracy of
the LEI2 TR site was particularly satisfactory, reaching 96.4%. The
method exhibits robustness in accurately classifying PNSD obtained
from various combinations of instruments and eliminates the need for
cumbersome data processing. It largely avoids the subjectivity in the
manual classification process and improves the credibility of the clas-
sification results. By utilizing a pre-trained image classification model,
we can efficiently build an automated NPF event classification system
through transfer learning, leveraging the powerful computational ca-
pabilities to manage the complexity and large-scale data in the field of
atmospheric science.
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