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Abstract Atmospheric volatile organic compounds (VOCs) significantly impact the environment and
public health, necessitating precise, continuous online monitoring. Currently, VOCs monitoring primarily uses
Gas Chromatography‐Mass Spectrometry (GC‐MS) and Proton Transfer Reaction‐Time of Flight Mass
Spectrometry (PTR‐ToF‐MS). GC‐MS is favored for its accurate compound identification capabilities but is
limited by its lower temporal resolution. Conversely, PTR‐ToF‐MS, while achieving minute‐scale resolution by
directly ionizing samples, struggles to detect low‐proton‐affinity compounds. Here, based on 5 years of long‐
term online monitoring data, we propose the Adaptive Convolutional Tree Ensemble (ACTE) model to surpass
current instruments limitations and accurately obtain high‐resolution (5‐min) VOCs. Our results indicate that
this model consistently achieves robust predictive accuracy across different major species categories, notably
achieving R2 values of 0.92 and 0.89 for alkanes and alkenes, respectively, which mostly have low‐proton‐
affinity. Furthermore, by comparing simulations using different VOCs temporal resolutions in ozone
mechanism modeling, we found that models with higher temporal resolution more accurately and
comprehensively capture the rapidly occurring photochemical reactions, whereas hourly models tend to
overlook many details, potentially leading to inaccuracies in understanding the related mechanisms. This study
underscores the potential of machine learning to improve monitoring of atmospheric pollutants and enhance our
understanding of atmospheric chemical processes.

Plain Language Summary Atmospheric volatile organic compounds (VOCs) significantly impact
the environment and public health, requiring precise, continuous monitoring. Traditional methods like Gas
Chromatography‐Mass Spectrometry (GC‐MS) and Proton Transfer Reaction‐Time of Flight Mass
Spectrometry (PTR‐ToF‐MS) have limitations: GC‐MS is accurate but slow, while PTR‐ToF‐MS updates data
quickly but struggles with compounds of low proton affinity, leading to data gaps. We introduce the Adaptive
Convolutional Tree Ensemble (ACTE) model, built from 5 years of monitoring data, to overcome these
limitations. The ACTE model provides high‐resolution data every few minutes with high predictive accuracy
across various VOC categories, notably achieving R2 values of 0.92 and 0.89 for alkanes and alkenes.
Comparisons of ozone mechanism modeling using different VOC data resolutions reveal that hourly scale
models often miss many details, whereas high‐resolution data significantly enhances accuracy. This study
highlights the potential of advanced machine learning to improve both monitoring and our understanding of
atmospheric chemical processes.

1. Introduction
VOCs in the atmosphere have significant environmental and health impacts (Ehn et al., 2014; Mellouki
et al., 2015). Not only are some of these compounds inherently toxic, such as formaldehyde and benzene, which
are known carcinogens, but most also directly participate in atmospheric chemical reactions (Ferracci et al., 2024;
Lamkaddam et al., 2021; Xiong et al., 2024). These reactions lead to the formation of pollutants like ozone (O3)
and fine particulate matter (PM2.5) (T. Wang et al., 2017; Zhang et al., 2014), thereby exacerbating air pollution
and posing direct threats to human health (Dedoussi et al., 2020; He et al., 2024; Huang et al., 2023). Due to
significant variations in the reaction rates of different VOC species in the atmosphere, ranging from seconds to
longer time scales (Seinfeld & Pandis, 1998), and with most VOCs involved in photochemical reactions
exhibiting rapid reaction rates, conventional monitoring at hourly resolution scales often overlooks short‐term
episodic events and difficult to meet the high‐quality simulation requirements of relevant mechanistic models
(Lee et al., 2021; Wolfe et al., 2016). Therefore, continuous monitoring of VOC concentrations and their dynamic
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variations at higher temporal resolutions in the atmosphere is of paramount importance for effectively assessing
and mitigating their environmental and health impacts (Huang et al., 2020; Z. Li et al., 2020; W. Wang, Li,
et al., 2024).

Currently, the field of online atmospheric environmental monitoring primarily utilizes two types of instruments to
comprehensively monitor the concentration changes of VOCs in the atmosphere: GC‐MS and PTR‐ToF‐MS
(Coggon et al., 2021; Gkatzelis et al., 2021; W. Wang et al., 2022). Due to the different monitoring principles
of these instruments, there are significant differences in their operation, performance, and application scopes
(Chang et al., 2022; Kajos et al., 2015; W. Wang, Yuan, et al., 2024). GC‐MS separates VOCs based on their
volatility and interaction with a stationary phase, followed by mass spectral analysis for identification and
quantification (Nozière et al., 2015). It provides high precision, especially for C2–C12 non‐methane hydrocarbons
(NMHCs) (Tan et al., 2018; Zhang et al., 2022; Zhou et al., 2023). However, its temporal resolution is limited
(∼1 hr), as sample collection is typically done in short intervals, with the remaining time spent on system cleaning
and analysis (Cheng, Huang, et al., 2023; Zhang et al., 2024). In contrast, PTR‐ToF‐MS is based on the principle
of proton transfer reactions, allowing for the direct ionization of VOCs during sampling without the need for
complex sample preparation (Graus et al., 2010; Jordan et al., 2009; Lindinger et al., 1998). This method enables
real‐timemonitoring of VOC concentration changes in the atmospheric environment with a temporal resolution of
minutes or better, making it particularly suitable for rapid detection applications, especially for compounds with
high‐proton‐affinity, such as alcohols, esters, ethers, and others (Cappellin et al., 2012; Park et al., 2013; Yuan
et al., 2017). However, the proton transfer ionization mechanism of PTR‐ToF‐MS has lower detection efficiency
for compounds with low‐proton‐affinity, such as alkenes and alkanes, and faces challenges in differentiating
isomers of compounds (Pfannerstill et al., 2024; Yuan et al., 2017). These limitations significantly impact its
widespread application in practical uses and theoretical studies (Nozière et al., 2015; Zhu et al., 2023). With the
rapid growth of environmental data and advances in machine learning, these techniques are now highly effective
in managing large high‐dimensional data sets and identifying complex nonlinear patterns in atmospheric science
(Bi et al., 2023;Wei et al., 2023; Zhu et al., 2024), positioning them as promising tools for air pollution prediction.
However, most previous studies have focused on predicting PM2.5 or ozone concentrations (Cheng, Zhu,
et al., 2021; Dimri et al., 2024; Wen et al., 2024), while VOCs, which are more challenging to obtain accurate
observational data for, have rarely been used as prediction targets (Ye et al., 2022), especially under real at-
mospheric conditions. Furthermore, there is a notable lack of predictive frameworks for multi‐species atmo-
spheric VOC concentrations, particularly in high‐temporal‐resolution prediction scenarios.

Here, we conducted long‐term online atmospheric observations over 5 years (2019–2023) using instruments such
as online GC‐MS and PTR‐ToF‐MS. Based on these observational data, we have proposed a machine learning‐
based model called the ACTE. This model aims to surpass current instrument limitations by enabling high
temporal resolution, effective, and accurate computation of a more comprehensive range of VOC species,
particularly alkenes, alkanes, and aromatic hydrocarbons, most of which exhibit low proton affinity. Our research
results show that this model not only significantly enhances the temporal resolution of multiple VOC species,
achieving a level of five‐minute, but also greatly improves the ability to capture short‐term variations and peak
values of different VOC species. Furthermore, it can provide strong support for more refined pollution source
analysis and high‐resolution calculations of atmospheric chemical model, further enhancing our understanding of
the chemistry of atmospheric VOCs and related secondary pollution mechanisms.

2. Materials and Methods
2.1. Data Sources and Processing

This study is based on comprehensive observation data from multiple instruments over various periods at two
different sites. The first site is the Peking University Atmospheric Observation Supersite (PKU‐AOSS), located in
NanshanDistrict, Shenzhen, China,which captures urban pollution characteristics. The second site is theYangMei
Keng (YMK) station, also located in Shenzhen City, downwind of the Dapeng Peninsula in southern China,
reflecting regional characteristics. The exact geographic coordinates and elevations of the two sites are as follows:
PKU‐AOSS (113.98°E, 22.60°N, altitude: 14m) andYMK(114.60°E, 22.55°N, altitude: 35m), as shown inFigure
S1 in Supporting Information S1. The sampling period at PKU‐AOSS was primarily divided into two consecutive
phases: from 12 September 2020, to 18 November 2020, and from 6 September 2021, to 13 December 2023,
totaling 897 days. The observation period at the YMK station mainly spanned from 22 September 2019, to 30
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October 2019, totaling 38 days. The overall data collection timeframe extended across 5 years from 2019 to 2023,
with the actual effective continuous sampling and data acquisition period exceeding 2 years.

The observations at the two sites in this study primarily utilized three categories of instruments. The first category
is VOCs online monitoring instruments, including GC‐MS and PTR‐ToF‐MS. At both sites, the same model PTR‐
ToF‐MS (6000X2, Ionicon Analytik GmbH, Innsbruck, Austria) was used. However, the GC‐MS instruments
differed between the sites. At the PKU‐AOSS site, the TH‐300B online GC‐MS (7820A‐5977E, Agilent Tech-
nologies, Inc., USA) was used, while at the YMK site, the ZF‐PKU‐VOC1007 VOCs online monitoring system
was employed. The ZF‐PKU‐VOC1007 operates on similar principles and sampling analysis processes as the TH‐
300B, with the main difference being the use of the Shimadzu GCMS‐QP2010 SE analysis system. Both systems
use DB‐624 chromatography columns and employ FID and MS methods for VOC analysis.

GC‐MS and PTR‐ToF‐MS differ significantly in their underlying principles, usage, performance, and advantages.
Both the TH‐300B and ZF‐PKU‐VOC1007 are equipped with an ultra‐low temperature capture system developed
by Peking University, providing good recognition capabilities for different VOC species and isomers, though with
relatively low temporal resolution (approximately 1 hr). In this study, the TH‐300B online GC‐MS monitored 94
VOC species, including 14 aromatic hydrocarbons, nine oxygenated volatile organic compounds (OVOCs), 32
halogenated hydrocarbons, 27 alkanes, and 12 alkenes and alkynes, while the ZF‐PKU‐VOC1007 monitored 90
VOC species, four fewer than the TH‐300B. In contrast, the 6000X2 PTR‐ToF‐MS is capable of detecting
hundreds of VOC species at minute‐level resolution. However, in this study, we focused on 21 VOC species
observed with this instrument. These species were selected based on the availability and representativeness of
their corresponding calibration standard gases, ensuring accurate quantification. The selected VOCs primarily
include oxygenated volatile organic compounds (OVOCs) and some aromatic hydrocarbons, which generally
have high proton affinities, such as CH3OH (Methanol), CH3CHO (Acetaldehyde), C2H5OH (Ethanol), and C6H6
(Benzene), among others. Calibration was performed using the standard gas for each species. A complete list of
the 21 VOC species can be found in Table S1 in Supporting Information S1, with further details provided therein.

The second category comprises conventional pollutant monitoring instruments, including O3, nitrogen oxides
(NOx, NO, NO2), sulfur dioxide (SO2), and PM2.5, monitored using various instruments from Thermo Fisher
Scientific. The third category includes photochemical and meteorological data monitoring instruments,
measuring the photolysis rate constants for O3 and NO2 using a Photolysis Spectrometer (PFS‐100, Focused
Photonics, Inc., China), with other surface meteorological data monitored using a weather monitoring instrument
(WXT520, Vaisala, Inc., Finland).

For a detailed list of different online monitoring data, please refer to Table S1 in Supporting Information S1.
Additionally, detailed introductions to the analysis methods for online observation equipment and information on
quality control and assurance can be found in our previous studies (Z.‐J. Li et al., 2024; Xia et al., 2023; Zhu
et al., 2021).

The computational workflow is illustrated in Figure 1, where part 1a describes the data collection and pre-
processing phases. Initially, we collected VOCs data, conventional pollutant data, photolysis rate constants, and
meteorological data, which serve as the foundation for subsequent model training and validation. To ensure high
data quality, we conducted rigorous checks and cleaning during the preprocessing stage, primarily addressing
missing values and outliers. For handling missing values, to ensure the model learns from the most accurate and
complete data, we deleted the rows containing missing values in the relevant feature data. This step was taken to
prevent missing data from negatively affecting the model training process while retaining as much complete data
as possible to ensure the model's representativeness. Regarding outliers in the observed data, we implemented
stricter management measures. Specifically, during routine instrument observations, we conduct daily reports and
monitor the data, promptly recording any potential anomalies. All anomalous data are discussed and addressed in
bi‐weekly data review meetings. This process includes analyzing the source of the outliers, such as whether they
were caused by instrument malfunctions or environmental factors, and making corrections or exclusions when
necessary. Through this approach, we ensure high standards of data quality, while also enhancing the accuracy
and reliability of the data. These data quality control measures are not only critical for model training but also
provide robust data support for subsequent air quality decision‐making analyses.

As a result of these preprocessing steps, we created two data sets with different temporal resolutions. The first data
set is an hourly scale data set, which includes VOC species data required for the model, conventional pollutant

Journal of Geophysical Research: Atmospheres 10.1029/2024JD042477

CHENG ET AL. 3 of 15

 21698996, 2025, 5, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024JD

042477 by X
iao-Feng H

uang - U
niversity T

ow
n O

f Shenzhen , W
iley O

nline L
ibrary on [27/02/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



data, photolysis rate constants, and meteorological data. It is important to note that due to the limitations of the
GC‐MS instrument, although most studies consider its resolution to be 1 hr, this is not entirely accurate. The
actual sampling time is only a few minutes, with the remaining time required for processes such as sample
analysis and system cleaning. In this study, the GC‐MS sampling settings at the YMK site in 2019 and the PKU‐
AOSS site in 2020 were set to collect atmospheric samples for 5 min every hour. From 2021 to 2023, the GC‐MS
sampling settings at the PKU‐AOSS site were adjusted to collect atmospheric samples for 10 min every hour.
Consequently, we used half of the 2020 GC‐MS data and the continuous data from the PKU‐AOSS site from 2021
to 2023 for model training and validation. The other half of the 2020 GC‐MS data and the data from the YMK site
were used for model testing. This strategy ensures that the models can effectively learn the data characteristics at
both 10‐ and 5‐min scales and provides a robust evaluation of the model's accuracy and generalization ability on
two independent data sets.

Additionally, since the algorithm proposed in this study requires high‐quality training data, any hour with missing
parameter data was excluded from the data set. Due to maintenance, calibration, and malfunctions, discrepancies
among different instruments led to the exclusion of a considerable portion of data. The second data set is a 5‐min‐
scale data set, primarily used for actual model predictions. This includes minute‐level VOC species data
monitored by PTR‐ToF‐MS, minute‐level conventional pollutant data, photolysis data, and meteorological data.

2.2. Overview of the ACTE Model

In the field of data prediction, commonly used statistical models can be broadly categorized into classical
regression models and machine learning models. A key representative of classical regression models is multiple
linear regression, which is known for its simplicity, ease of use, and computational efficiency. It performs well in
scenarios where linear relationships are prominent (Burke et al., 2023). However, linear regression tends to
perform poorly when dealing with complex nonlinear relationships, as it fails to capture the intricate patterns
within the data, which in turn impacts prediction accuracy (Wei et al., 2019). In contrast, machine learning
models, such as decision trees, random forests, and deep neural networks, are particularly well‐suited for handling
complex nonlinear relationships (Bi et al., 2023; Cheng, Huang, et al., 2023). These models are especially

Figure 1. Computational workflow diagram. (a) Data collection and preprocessing. (b) The ACTE model architecture
diagram.
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effective in capturing the intricate interactions between air pollutants and other environmental factors (Wei
et al., 2023; Zhu et al., 2024). Although these models offer significant advantages in various applications, a well‐
established framework for quickly selecting the best model and optimizing features for optimal performance,
particularly in high‐temporal‐resolution air pollution prediction, remains lacking.

To address this gap, this study proposes a novel approach: the ACTEmodel, which enables rapid feature selection
for VOC prediction and ensures high‐quality prediction stability. The proposed ACTE model combines the ad-
vantages of convolutional neural networks and tree‐based models, effectively integrating prior empirical feature
parameters to achieve high‐precision predictions for different VOCs with maximum adaptability. The model
primarily consists of three layers: (a) the convolutional pooling layer, (b) the data reconstruction layer, and (c) the
prediction output layer. Each layer serves distinct functions and responsibilities, outlined as follows: The input data
are first normalized and converted into tensor format. The convolutional layer processes this data using filters with
specified sizes, strides, and padding strategies, sliding across the data to extract features from various positions.
This layer employs the Rectified Linear Unit (ReLU) activation function, followed by amax pooling operation that
samples these features, selecting the maximum value within each local region primarily to reduce data dimensions
and enhance the model's insensitivity to input variations. After pooling, a dropout layer is introduced to randomly
discard some neuronal outputs, thereby mitigating the risk of overfitting. The features processed by the pooling
layer are then flattened into a two‐dimensional vector, aimed at transforming the convolutional and pooling layer‐
extracted features into a format suitable for fully connected layers or other data processing formats.

In this study, the feature vectors extracted by the convolutional layer are reconstructed with the original optimal
feature set to create a reshaped feature data set, which is then used for result prediction output through an
Ensemble Tree‐Based (ETB) model. The original optimal feature set consists of the top‐ranked features in terms
of importance, determined through pre‐training validation with the ETB model. The model in this study is
configured to randomly discard 3–5 unimportant features based on coefficient of determination (R2). Addition-
ally, the ETB model is an optimized version of a tree ensemble model previously developed in our research,
distinguished by its ability to leverage different tree models' predictive advantages based on the data features of
various data sets and to determine the best model for prediction. For more detailed information about the model,
please refer to our previous studies (Cheng, Huang, et al., 2023; Cheng, Peng, et al., 2024) and Text S1.2 in
Supporting Information S1.

To more accurately assess the performance and generalization ability of the ACTE model, this study uses half of
the valid data from the Peking University Atmospheric Observation Supersite (PKU‐AOSS) site in 2020 and all
the valid data from the Yang Mei Keng (YMK) site in 2019 as two independent test sets. The remaining data are
used for the model's training and validation. Detailed descriptions of the observation sites, instruments, and data
sets can be found in Section 2.1. Moreover, to minimize the impact of model randomness on the results, grid
search (see Text S1.1 in Supporting Information S1) and 10‐fold cross‐validation are employed for each VOC
species to determine the optimal model parameters. Furthermore, various input data sources were used in this
study, including conventional air pollutant observation data (e.g., O3 and NOx), meteorological data (e.g.,
temperature and humidity), and photolysis data (e.g., j[O1D] and j[NO2]), all of which play significant roles in the
variation and dynamics of atmospheric pollution concentrations. More importantly, the model also utilized high‐
resolution data of 21 VOC species observed by the calibrated PTR‐ToF‐MS instrument, which provided richer
information to support the model.

All the aforementioned species data were processed to match the same time period and resolution format as the 94
VOC species data monitored by GC‐MS, and then used for model training, validation, and testing. Ultimately, this
study established 94 ACTE models, each corresponding to a different VOC species. To evaluate the performance
of the ACTE model, it was compared with other mainstream models, including Extreme Gradient Boosting
(XGB), LightGBM model (LGBM), CatBoost (CB) model, Random Forest (RF) model, and Deep Neural Net-
works (DNN) model (X. Li et al., 2024; Wen et al., 2024; Zhu et al., 2024). All these comparison models were
trained using the same strategies as the ACTE model, and each model had 94 corresponding VOC models for
comparison. Finally, the optimal model will perform high‐resolution, continuous predictions for the 94 VOC
species (at 5‐min intervals) using input data at this continuous resolution, thereby overcoming the limitations of
traditional monitoring.

For a detailed description of the comparison models, the basic feature variables (input data), and key parameter
settings, please refer to Texts S1.2–S1.4 and Tables S1 and S2 in Supporting Information S1. The machine
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learning models are primarily implemented using Python 3.8 on the Anaconda 5.2 platform, with the deep
learning processes computed primarily using the PyTorch (CUDA) framework.

3. Results
3.1. Comparative Evaluation of Multiple Model Performances

To comprehensively evaluate the performance of the ACTE model, the assessment is based on four key metrics:
coefficient of determination (R2), root mean square error (RMSE), mean absolute error (MAE), and mean relative
error (MRE) (Cheng, Zhu, et al., 2021). For detailed descriptions of these metrics, please refer to Text S1.5 in
Supporting Information S1. Figure 2 shows the evaluation of model performance at the PKU‐AOSS site,
including R2 metrics for different VOC species (a total of 94 species) across various models; other metrics are
shown in Figures S2–S4 in Supporting Information S1. Additionally, Figures 2b–2e present a comprehensive
view of these models' performance across various metrics in the form of box scatter plots. Combining the analysis
from the above figures, it can be observed that the ACTE model consistently ranks among the top performers in
predicting individual VOC species, and on the box scatter plots, it exhibits a tighter and higher distribution of

Figure 2. Model performance evaluation at the PKU‐AOSS site. (a) Comparison of R2 metrics for different VOC species across various models. (b) Box scatter plot
distribution of R2 values across different models. (c) Box scatter plot distribution ofMRE values across different models. (d) Box scatter plot distribution ofMAE values
across different models. (e) Box scatter plot distribution of RMSE values across different models. (f) Bubble plot illustrating ACTE model performance for different
VOC species, with bubble size representing MRE. The chart shows R2 values plotted against VOC molecular mass, with circles colored according to VOC type,
including alkanes, alkenes, aromatic hydrocarbons (ArHC), OVOCs, and halogenated hydrocarbons (HalHC).
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values in the R2 metric, indicating better fitting and consistency in predicting VOC concentrations. Furthermore,
the distribution of MAE and RMSE metrics in Figures 2d and 2e further demonstrates that the ACTE model
surpasses others in prediction accuracy, with relatively lower MRE (Figure 2c).

In Figure 2f, we employed two metrics, R2 and MRE, to further investigate the capability of the ACTE model in
predicting concentrations of various VOC species. The results show that the ACTE model maintains a
commendable level of predictive accuracy across VOCs of varying molecular masses. Specifically, for 41 VOCs,
the R2 value exceeds 0.7, with approximately 77% having an R2 greater than 0.6, significantly outperforming
several other models (see Figure S5 in Supporting Information S1). Additionally, most species exhibit low errors
in terms of the MRE metric. Notably, the ACTE model excels in predicting key categories such as alkanes, al-
kenes, and aromatic hydrocarbons. These categories are typically difficult to observe at high resolution (minute‐
scale) due to either low proton affinity or the presence of isomers, yet the ACTE model demonstrates good
predictive capability for most of these species. Among these, the top five performing species include 1, 3, 5‐
Trimethylbenzene (R2 = 0.90), m‐Ethyltoluene (R2 = 0.88), p‐Ethyltoluene (R2 = 0.87), Ethane (R2 = 0.86),
and 1, 2, 4‐Trimethylbenzene (R2= 0.86), all of which exhibit the highest R2 values, showcasing the model's good
performance in accurately predicting VOC concentrations. It is also worth noting that the ACTE model is less
effectiveness in predicting certain VOC species, particularly some halogenated hydrocarbons. We speculate that
there may be two main reasons for this: first, the current model training parameters may not effectively cover the
prediction of all VOC species, which could result in significant prediction errors for some VOCs; second, the
inherent characteristics of certain VOC species, such as the strong stability and unique photochemical behavior of
halogenated hydrocarbons, may reduce the model's accuracy in predicting their concentration changes (Orkin
et al., 2020; Orkin & Khamaganov, 1993).

In addition to the local evaluation at the PKU‐AOSS site, we also conducted off‐site testing at the YMK site. The
results from the YMK site are shown in Figures S6–S10 in Supporting Information S1. By comparing the pre-
dictive performance of different models on these two independent test sets, we further validated the spatial
generalization capability of the ACTE model. Although the ACTE model's prediction accuracy and spatial
generalization remain superior to several other models, a noticeable decrease in prediction accuracy for most
VOC species was observed compared to the local PKU‐AOSS site. While approximately half of the VOC species
still met the prediction standards, the significant challenges posed by differing geographical environments cannot
be ignored. Therefore, in practical predictive applications, incorporating off‐site data into the model for incre-
mental training can be an effective strategy. However, achieving satisfactory predictive results requires sub-
stantial baseline model training to be conducted in advance.

3.2. Performance of the ACTE Model Across Different Major VOC Categories

Apart from performance on individual VOC species, we are also concerned about the overall predictive per-
formance of the model across different major VOC categories. Figure 3 and Figure S11 in Supporting Infor-
mation S1 provide detailed insights into the predictive capabilities of the ACTE model for various major VOC
categories: aromatic hydrocarbons (ArHC), oxygenated VOCs (OVOCs), halogenated hydrocarbons (HalHC),
alkynes, alkanes, and alkenes. The results show that the top three performing species are alkanes, alkenes, and
aromatic hydrocarbons, with high R2 values (0.92, 0.89, and 0.86, respectively), and low RMSE (0.23, 0.10, and
0.10 ppb), MRE (34.35%, 42.71%, and 29.44%), and MAE (0.08, 0.04, and 0.03 ppb), indicating the ACTE
model's high accuracy and consistency in handling these VOC categories, especially in predicting alkanes and
alkenes, where the ACTE model has almost reached an ideal prediction level. The next best‐performing cate-
gories are halogenated hydrocarbons, OVOCs, and alkynes, with an average R2 of 0.80, RMSE of 0.19 ppb,MRE
of 24.90%, and MAE of 0.08 ppb. Although their performance is slightly lower than that of the top three cate-
gories, they still showing a high level of predictive performance. Additionally, Figure 3g illustrates that the ACTE
model demonstrates considerable stability and accuracy in predicting these major categories of species, with the
box plot distributions of predicted values closely aligning with actual values.

At the YMK site, the performance of the ACTE model in predicting various major VOC categories exhibited
some differences compared to the PKU‐AOSS site (see Figures S12 and S13 in Supporting Information S1). The
model performed relatively better for alkanes, alkynes, and aromatic hydrocarbons at the YMK site, achieving R2

values of 0.81, 0.78, and 0.75, respectively, along with RMSE values of 0.23, 0.19, and 0.05 ppb. However, the
other three categories, particularly OVOCs and halogenated hydrocarbons, performed slightly worse. Overall, in
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Figure 3.
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comparison with the PKU‐AOSS site, except for an improvement in alkynes prediction accuracy, the model's
accuracy for other major categories decreased, highlighting the reduced spatial generalization issue due to dif-
ferences in environmental conditions and source characteristics between the two locations.

In comparison to predictions for individual VOC species, the ACTE model demonstrated relatively higher ac-
curacy and stability in predicting major categories. The model not only maintained prediction accuracy for al-
kanes, alkenes, and aromatic hydrocarbons but also showed improvements in other categories, especially at the
more thoroughly trained PKU‐AOSS site. Nevertheless, it is important to emphasize that the model's spatial
generalization still has significant room for improvement, particularly in environments with markedly different
geographical conditions.

3.3. Presentation of High Temporal Resolution Predictive Outcomes and Their Application inMechanistic
Model

In the preceding analysis, the ACTE model demonstrated its performance in predicting concentrations of various
VOCs. The following section will focus on showcasing the model's capability in high temporal resolution VOC
concentration prediction within real‐world scenarios and its potential for practical application. The actual
observed data from the first 5 min of each hour (commonly referred to as hourly resolution data), collected from
PKU‐AOSS, covers the period from 12 September to 18 November 2020. Our independent test set is primarily
derived from this period. Therefore, it is appropriate to compare the observed data from this period with the
predicted 5‐min resolution data. However, due to factors such as instrument malfunctions or adverse weather
conditions, some periods have significant data gaps, particularly in the first half of this period, where data
continuity is poorer. Given that the focus of this study is on high‐precision prediction using existing data seg-
ments, the missing data segments were excluded from the prediction. Regarding the zoomed‐in period from
October 29 to October 31, this timeframe was chosen as it includes significant concentration peaks for various
major VOC categories. Considering the inherent challenges of capturing instantaneous high values, focusing on
this period allows for a direct evaluation of the model's ability to predict rapid changes and extremes. This
approach also highlights the strengths of the model as well as areas that require improvement, providing a more
comprehensive and objective performance evaluation. Therefore, we selected data segments with better conti-
nuity and higher representativeness for comparison and presentation.

As shown in Figure 4, the ACTEmodel not only captures the diurnal trends in the concentrations of major species
categories but also more accurately portrays concentration dynamics over shorter timescales. Figure 4a displays
the results based on 1‐hr actual observation data and 5‐min resolution predictions, clearly demonstrating the
model's responsiveness to rapid changes. The transition from 1‐hr to 5‐min resolution significantly increases the
data volume, revealing more detailed information. However, when comparing the actual results, particularly in
the magnified concentration changes (Figure 4b), the model performed relatively better in capturing the
instantaneous peaks and troughs of alkanes, alkenes, and alkynes, while it was somewhat less effective for
halogenated hydrocarbons and OVOCs. Nonetheless, the model's overall performance was commendable and met
expectations. It is important to note that achieving highly accurate predictions of extreme values in nonlinear
relationships remains a significant challenge across various fields, even with today's advances in computational
power (Bi et al., 2023).

We selected typical VOC species from various major categories, including ethane, m‐xylene, ethylene, acetylene,
acrolein, and chloroethane, each characterized by relatively low proton affinity, for high temporal resolution
predictive demonstrations. As shown in Figure S14 in Supporting Information S1, the model demonstrates good
predictive accuracy for most typical individual VOC species, effectively capturing the daily fluctuation patterns
of VOC concentrations, particularly for low proton affinity species such as alkanes and alkenes. However,
challenges remain in predicting the extreme values for certain species, especially halogenated hydrocarbons.

Figure 3. Performance comparison of the ACTE model for different major categories of VOCs at the PKU‐AOSS site. (a) Aromatic hydrocarbons (ArHC). (b) OVOCs.
(c) Halogenated hydrocarbons (HalHC). (d) Alkynes. (e) Alkanes. (f) Alkenes. Each data point represents the correspondence between observed VOC concentrations
and those predicted by the ACTE model. The color depth reflects the density of data points, with more intense colors indicating higher frequency. The black dashed line
represents the line of perfect prediction consistency, while the blue trend line shows the general pattern of predictions by the ACTE model. (g) Box plot comparison of
actual versus predicted values for different categories of VOCs. The box represents the interquartile range (IQR), spanning from the 25th to the 75th percentile, while the
whiskers indicate the range within 1.5 times the IQR. The central line denotes the median.
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Figure 4.
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Given the current limitations of instrumental detection technology in providing real‐time VOC species moni-
toring at a 5‐min resolution (particularly for species with low‐proton‐affinity or isomers), the ACTE model is
capable of achieving continuous high‐resolution monitoring of VOC species under more challenging environ-
mental conditions, providing a more continuous and detailed data stream. This capability provides scientists and
policymakers with greater opportunities to capture transient pollution events that might be overlooked at an
hourly resolution, particularly those involving instantaneous emissions primarily composed of alkanes, thereby
offering a basis for implementing more targeted control measures.

Additionally, the availability of more comprehensive high‐resolution VOCs data allows for more accurate
mechanistic modeling of related secondary pollution. In previous studies, due to instrumental limitations, re-
searchers typically modeled the ozone mechanism model based on hourly scales (Tan et al., 2018; Xiong
et al., 2023). However, daytime photochemical reactions occur very rapidly, and hourly scales clearly cannot meet
more accurate simulation requirements (Lyu et al., 2023). In this study, we used both hourly and 5‐min VOCs
data, with the same parameter settings, to model ozone for 30 October 2020, based on the Master Chemical
Mechanism (MCM v.3.3.1) (Jenkin et al., 2003; Wolfe et al., 2016). The main reason for choosing this day for
modeling was its relatively stable wind speed and meteorological conditions, as well as the higher VOCs con-
centrations (Figures 4a and 4b). To account for the physical loss of ozone, we adjusted a first‐order dilution
constant (kdill) to fit the ozone concentration measurements for the simulated days (Rickly et al., 2023; Womack
et al., 2023). The dilution constant derived from the simulations is approximately 1.9 × 10− 5 s− 1, with a ±20%
fluctuation, which was included as the uncertainty range in the model (Rickly et al., 2023; Womack et al., 2023).
After applying the same parameters and settings, we compared the simulation results with the observed ozone
concentrations at both hourly and 5‐min resolutions (Figure S15 in Supporting Information S1). The comparison
revealed that while the model generally captured the ozone concentration trends, notable differences were
observed in peak concentrations and the timing of ozone formation. At the 5‐min resolution, the model predictions
aligned more closely with observed rapid fluctuations, especially during peak hours. In contrast, the hourly
resolution overestimated ozone concentrations, likely due to the smoothing of high‐frequency fluctuations in the
ozone levels. Additionally, we compared the key reaction rates for ozone production and loss at both resolutions.
Figures 4c and 4d show the variations in these rates, providing further insights into how the model's performance
varies with different time scales (For more details on the mechanistic model, see Text S1.6 in Supporting
Information S1).

Data at the 5‐min resolution revealed more complex and dynamic changes in reaction rates, offering a detailed
reflection of the rapidly occurring photochemical processes. These intricacies are significantly simplified in 1‐hr
resolution data, potentially leading to misunderstandings of these critical processes. By calculating the differences
in ozone production and loss rates at two different resolutions (where 5‐min scale simulation results are summed
to obtain hourly results, which are then compared with hourly scale simulations), as shown in Figures 4e–4h, we
found that traditional hourly scale mechanism modeling in the area often overestimates daytime ozone production
and loss reaction rates. Specifically, the average overestimations during the day were approximately 4.6 and
0.4 ppb/h, respectively. Furthermore, we observed that the peak and trough of the differences between the two
resolutions occurred around 14:00, when the difference was greatest, with the differences in ozone production and
loss rates reaching approximately 12.1 and 0.8 ppb/h, respectively. Since the ozone production rate is a good
measure of atmospheric oxidizing capacity (Tan et al., 2024), these significant differences suggest that hourly
resolution mechanism modeling may significantly overestimate the actual atmospheric oxidizing capacity,
especially around 14:00. It can be inferred that, in the investigation of the discrepancy between the OH radical
model simulated concentrations and actual observations, in addition to potential missing sources or unclear

Figure 4. High temporal resolution prediction results for different categories of VOCs and their application in zero‐dimensional box model based on the master chemical
mechanism (MCM). (a) Time series comparison of VOC predictions at 1‐hr and 5‐min resolutions from 17 October to 8 November 2020. (b) Zoomed‐in comparison of
different resolution results from 29 October to 31 October 2020. (c) Changes in key chemical reaction rates for ozone production and loss at an hourly scale. (d) Changes
in key chemical reaction rates for ozone production and loss at a 5‐min resolution. (e) Total daily differences in chemical reaction rates under two different resolutions in
the mechanistic model. (f) The 5‐min scale simulation results of key ozone production reaction rates at different times of the day, which are then summed to obtain
hourly results, and the changes relative to the hourly scale simulation. (g) The 5‐min scale simulation results of key ozone loss reaction rates at different times of the day,
which are then summed to obtain hourly results, and the changes relative to the hourly scale simulation. (h) The 5‐min scale simulation results of net ozone production
reaction rates at different times of the day, which are then summed to obtain hourly results, and the changes relative to the hourly scale simulation. Please note that the
hourly resolution in panels (a) and (b) actually represents the average concentration sampled by the GC‐MS during the first 5 min of each hour.
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mechanistic factors (Peeters et al., 2014; Yang et al., 2024), this discrepancy may also be partially attributed to the
relatively low data resolution used in the model simulations. Of course, as high‐resolution modeling progresses,
the gap between observed data and model simulations may become more pronounced. This further underscores
the importance of high‐resolution VOCs data.

Overall, this study not only demonstrates the ACTE model's effectiveness in enhancing the temporal resolution of
VOCs data but also, through its application in the mechanistic model, highlights the crucial role of high‐resolution
environmental data in improving the accuracy and reliability of model predictions. These findings have important
implications for environmental science research and practical applications.

4. Discussion and Conclusion
Our research has made significant contributions to achieving more comprehensive monitoring of high‐resolution
(5‐min) VOCs data and to further understanding the formation of related secondary pollution after considering the
current limitations of different ambient VOCs online monitoring instruments and the complexity of data for
prediction. We recognize that obtaining comprehensive VOC data at the minute level, covering a wide range of
species, is a challenging and complex task. Firstly, due to the inherent differences in the properties of various
VOC species, the sensitivity and effective measurement methods of different instruments vary widely. A single
instrument struggles to obtain broad coverage and high‐resolution VOC data simultaneously, and the long‐term,
high‐resolution monitoring of low proton affinity species remains a limitation of current instruments. Secondly,
acquiring long‐term online atmospheric VOC data is inherently challenging, not only in terms of raw data pro-
cessing but also due to the demands on the instruments themselves, particularly when dealing with multiple
instruments, which require more refined daily maintenance. Furthermore, there are currently no mature algo-
rithmic strategies or models supporting high‐precision VOC prediction, and research in this area is significantly
lacking. Therefore, effectively addressing the current issues is a challenge.

Based on such considerations, we conducted a long‐term online monitoring spanning 5 years (2019–2023) using
multiple standardized instruments, and proposed a machine learning‐based model, ACTE. The model is used to
compute high temporal resolution VOC data in rapidly changing environments, thereby capturing more detailed
and comprehensive changes of VOCs in the atmospheric environment. Such high‐resolution data are crucial for
scientists to understand atmospheric chemical reactions occurring within short periods in the actual atmosphere,
especially when assessing the formation processes of O3 and other related secondary pollutants. In environments
with limited conditions, such as remote areas or during aerial monitoring tasks, we are not always able to deploy
complete, high‐precision instruments. Under such constraints, machine learning technology demonstrates
immense potential by effectively utilizing available partial data to compensate for information gaps, showcasing
its strong adaptability and application value in extreme or special monitoring conditions.

Furthermore, this study emphasizes that although our understanding of some complex atmospheric chemical
reaction mechanisms remains incomplete, the ACTE model can still effectively utilize limited data to predict the
continuous changes of other atmospheric chemical components at higher temporal resolution. This broader in-
formation on VOC component variations will be highly beneficial for researching atmospheric pollution
mechanisms. Such capabilities not only improve the precision of our atmospheric pollution event simulations but
also open up new avenues for exploring the mechanisms underlying pollution formation. The application of this
prediction strategy and method extends beyond enhancing existing monitoring networks and could help in
uncovering new potential reaction pathways or key reactive species in atmospheric chemical reactions that have
not yet been fully decoded. However, we fully recognize that, despite the good performance of the ACTE model
in the aforementioned aspects, there are still areas that require further improvement and refinement, such as
measurement uncertainties, particularly those related to instrument calibration and variations in VOC species
(Coggon et al., 2024), may affect the model's performance. While we have considered and optimized uncertainty
issues in data preprocessing, model prediction strategy formulation, and model architecture design, we
acknowledge that the current model has not fully accounted for the potential impacts of these measurement
uncertainties. Therefore, we plan to improve the model in future work by incorporating uncertainty as an addi-
tional feature or introducing a weighted loss function, and systematically assess the potential impact of uncer-
tainty on model performance.

Moreover, the model still faces challenges in predicting the behavior of VOCs under extreme weather conditions,
which can significantly affect the reaction pathways and environmental fate of the compounds (N. Wang
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et al., 2022). In terms of application scenarios, although we used long‐term measurement data to train the model,
these training data were still obtained from a single site. During testing at the remote YMK site, it was found that
when the model was applied to areas with significant geographic differences, the prediction errors for certain
species increased substantially. This indicates that a model trained on data from a single site has limitations in its
spatial generalization ability. Furthermore, the measurement periods at the two sites do not overlap, which also
affects the model's prediction results. Generally, using data from the same time period for training helps reduce
inconsistencies caused by temporal differences, thereby improving prediction accuracy. However, to maintain the
consistency of the core instrument PTR‐ToF‐MS and ensure the model's applicability across different regions, we
chose data from different locations and time periods for testing. This approach helps more accurately reflect the
model's performance in real‐world applications, particularly in terms of its suitability and generalization ability
under different environmental conditions. Therefore, when making predictions in other regions, especially those
with significant environmental differences, it is recommended to incorporate data from different environmental
conditions and time periods during training, particularly by combining local data from the target region for
training and validation. This method can effectively enhance the model's adaptability, reduce regional or seasonal
biases, and improve its performance and prediction accuracy in practical applications. Otherwise, the model's
predictive ability is likely to be constrained (Cheng, He, & Huang, 2021; Han et al., 2023; Zhong et al., 2021).

In conclusion, this research emphasizes that machine learning technology not only improves the current capability
for high‐resolution observation of atmospheric pollutants but also deepen our understanding of atmospheric
chemical mechanisms, thereby providing a stronger scientific basis for predicting and managing atmospheric
pollution. As these technologies continue to advance and be applied, the role of machine learning in atmospheric
pollution monitoring and chemical mechanism research is expected to grow increasingly important, with sub-
stantial potential for practical applications.

Data Availability Statement
The primary data supporting the findings of this study, along with the core code, are available in the Zenodo open
data repository (Cheng, Huang, et al., 2024). The code for the MCM box model can also be accessed from the
same repository (Wolfe & Haskins, 2023). Additional detailed data are available from the corresponding author
upon reasonable request.
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