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Abstract

Accurate prediction of PM2.5 concentration is essential for public health and environmental
protection, and specifically crucial for the management of the availability of sufficient health
personnel during adverse health episodes. However, its nonlinearity, variability, and com-
plexity make this task challenging. This study proposes a long short-term memory (LSTM)
weighted by K-nearest neighbor (KNN) algorithm (namely Weighted KNN-LSTM Model)
that can effectively predict the PM2.5 concentration time series. Firstly, the K-nearest neigh-
bors of each time point are sought based on the Euclidean distance within the data time
range. Given that neighboring observations typically exert a more pronounced influence
than distant ones in spatial processes, weights are accordingly assigned to these neighbors
to quantitatively reflect their relative importance in the analysis. Subsequently, after the
initial data is processed by the weighted KNN algorithm, it is reorganized and transformed
into a reconstructed dataset with a size K times that of the original data. The data used
for model training and the data used for evaluating the model’s prediction performance
are completely independent, and the test dataset is never involved in the model training
process to ensure the authenticity and reliability of the prediction performance evaluation.
Then, the LSTM neural network model is trained on this new dataset to enhance its gen-
eralization ability. The experimental results show that the weighted KNN-LSTM model
exhibits excellent predictive performance in predicting PM2.5 concentration. It is important
to note that the dataset used to evaluate the model’s performance was strictly independent
from the data used to train the model. This separation ensures that the reported accuracy
reflects true predictive capability rather than mere fitting quality. The model provides a
technical reference for hourly PM2.5 concentration prediction in Nanchang City, and the
prediction results can be used as an auxiliary reference for regional air quality monitoring;
the application of the model in heavy pollution warnings needs to be further optimized
and verified by combining multi-source data such as meteorology, which provide reliable
data support for the formulation of dynamic emission reduction policies.

Keywords: KNN; LSTM; KNN-LSTM model; PM2.5 pollution; Nanchang City

1. Introduction
The frequent occurrence of haze events has become a serious environmental problem

in China and even globally, and PM2.5 is the main contributor to haze weather. The increase
in its concentration not only affects human health, but also causes climate change [1–3].
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The formation of PM2.5 (fine particulate matter) is a complex physical and chemical process,
involving both primary emissions and secondary generation [4]. Primary emissions refer to
the direct release of particulate matter by pollution sources, including industrial production
processes, vehicle exhaust emissions, dust emissions, and various human activities [5].
Secondary generation is the most important source of PM2.5, especially during severe
pollution periods. It refers to the transformation of gaseous precursors, including sulfur
dioxide (SO2), nitrogen oxides (NOx), ammonia (NH3), and volatile organic compounds
(VOCs), into solid or liquid particulate matter through a series of physical and chemical
processes in the atmosphere [6,7].

In China, PM2.5 pollution is particularly serious and has become one of the main
pollutants. According to statistics, out of 339 prefecture-level and above cities in China,
as many as 86 cities have PM2.5 concentrations that exceed the national standard for
consecutive time series, which means that nearly a quarter of urban residents are living in
environments with PM2.5 concentration time series exceeding the standard [8,9]. Therefore,
exploring effective PM2.5 concentration prediction models is crucial for human health and
environmental protection. Accurate predictions enable health authorities to anticipate
spikes in respiratory illnesses, thereby optimizing the deployment and availability of
medical staff during severe pollution episodes.

At present, in order to address the pollution problem of PM2.5, many researchers
are seeking better prediction methods to analyze the PM2.5 concentration time series
with the aim of formulating effective planning and response measures. There are many
employed time series forecasting methods such as linear regression [10], the autoregressive
integrated moving average (ARIMA) model [11,12] and the BP neural network [13,14],
among others. For example, three statistical models based on autoregression (AR), moving
average (MA) and ARIMA models were applied to the datasets of PM2.5 concentrations
of Delhi and Bengaluru, to conduct 1-day-ahead and 7-day-ahead forecasting [15]. But
the above study also pointed out that other topographical and meteorological parameters
need to be incorporated to develop better models and to account for the impacts of these
parameters in the research. This is because the PM2.5 concentration is jointly affected by
meteorological factors such as temperature and wind speed, as well as other atmospheric
pollutants such as O3, CO and SO2 [3,15]. In fact, PM2.5 concentration is also significantly
influenced by other key weather conditions including precipitation, relative humidity, and
atmospheric pressure. These meteorological factors regulate the diffusion, deposition, and
chemical transformation of PM2.5, thereby exerting a crucial impact on its concentration
levels. For instance, high relative humidity can promote the hygroscopic growth of PM2.5

particles, leading to an increase in their concentration; strong winds facilitate the diffusion
of pollutants, reducing local PM2.5 levels, and precipitation can scavenge particulate matter
from the atmosphere, resulting in a temporary decrease in concentration. Meteorological
factors are the core driving factors affecting the spatial and temporal distribution of PM2.5

concentration, and the integration of meteorological data is an essential link for improving
the physical interpretability and prediction upper limit of PM2.5 prediction models. In
the field of atmospheric environmental science research in 2025, the construction of PM2.5

prediction models based on pollutant concentration data alone has obvious limitations, and
the combination of multi-source data such as meteorology and anthropogenic activities has
become a mainstream research direction. Therefore, in order to more accurately predict
PM2.5 concentration, researchers often chose a multiple linear regression method to make
predictions by comprehensively analyzing multiple variables. This type of model mainly
relies on the intrinsic correlation changes in sequence data for analysis, and has low
efficiency in processing large-scale data. More importantly, these methods often yield
large calculation errors and have slow calculation speeds, which undoubtedly increases
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the uncertainty of predictions. Nowadays, with the rapid development and continuous
improvement in artificial intelligence (AI) technology, AI exhibits higher efficiency and
accuracy in processing big data, which can more effectively explore the potential patterns
and trends of data, thus providing more reliable and accurate predictions. As a result, more
and more scholars are actively exploring AI models to predict PM2.5 concentration.

To improve the accuracy of AI and atmospheric diffusion models, many scholars have
combined conventional air quality models with machine learning or AI models to forecast
PM2.5 concentration [16,17]. They do so to suggest combined and synoptic variables, in
addition to conventional surface meteorological and air quality variables for developing
AI-based high PM event prediction models [1]. However, traditional AI models also
suffer from low accuracy in predicting PM2.5 concentration. This is because such models
have some drawbacks, such as cumbersome feature engineering, weak generalization
ability, and limited ability to handle nonlinear problems, whereas deep learning (DL) could
effectively handle these problems. With the development of DL algorithms, time series
models can play a huge role in time-dependent PM2.5 concentration forecasting [16,18].
These models can identify nonlinear relationships between input and output variables
by constructing multi-layer neural networks, effectively extracting historical information
features from data, and accurately capturing the key factors that affect PM2.5 concentration,
thus enabling more accurate PM2.5 concentration prediction. Crucially, time series data of
PM2.5 possess a “memory” of past situations; this temporal dependency allows models
to deduce future expectations of air quality based on historical trends and patterns. For
instance, Pathak et al. [19] proposed a novel attention-based deep learning framework. By
leveraging the attention mechanism, this framework enables the exploration of long-term
temporal dependencies in the vector space. Combined with the inherent capability of
the hybrid deep learning (DL) model, which integrates convolutional neural networks
(CNNs) and long short-term memory (LSTM) to capture short-term temporal dependencies
within the feature space, this framework achieves accurate prediction of PM2.5 pollutant
levels. Additionally, based on the spatial interaction hypothesis, Shi et al. developed a
balanced social long short-term memory (BS-LSTM) neural network, which has also been
successfully applied to PM2.5 concentration prediction [20].

Our research team has previously proposed a prediction model (namely EEMD-
ALSTM) based on Ensemble Empirical Mode Decomposition (EEMD), attention mechanism
and LSTM for PM2.5 concentration prediction, and the prediction results showed that the
EEMD-ALSTM model had superior predictive performance [21]. Moreover, we have further
developed DL models that integrate multiple algorithms to predict PM2.5 concentration,
such as LASSA-LGB that is integrated with Sparrow Search Algorithm (SSA) and optimized
Light Gradient Boosting Machine (LightGBM) [22], the mWOA-SVR model based on
Support Vector Regression (SVR) and modified Whale Optimization Algorithm (WOA) [23],
the PSO- CPU-GPU-SVR model based on the Particle Swarm Optimization (PSO), Central
Processing Unit (CPU), Graphics Processing Unit (GPU) and SVR [24], and a stacking fusion
algorithm fused by the eXtreme Gradient Boosting (XGBoost), LightGBM and Random
Forest (RF) [25].

Why are we exploring so many PM2.5 concentration prediction methods? This is
because there are several main research gaps as follows. (1) Deficiencies in existing com-
bination methods—although many methods and models have been proposed to predict
PM2.5, there is still a gap in the use of comprehensive methods for prediction. Today’s
research usually uses a single model, but lacks research that combines traditional statistical
methods, physics-based models and machine learning methods, thus resulting in a lack
of comprehensiveness in prediction results. (2) Neglect of the regional characteristics of
PM2.5 pollution—the meteorological and air pollution characteristics of various regions are
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different, which leads to varying adaptability of different model methods in predicting air
pollution in different regions. It is possible that a certain method may have good predictive
performance in one region but poor predictive performance in another region. Current
research often overlooks such regional differences and lacks targeted prediction methods
for specific areas. Notably, the geographical location, climate conditions (e.g., monsoon
patterns, temperature ranges), and pollutant emission sources (e.g., industrial structure,
energy consumption types) vary significantly across different cities. For example, northern
Chinese cities are more affected by coal combustion for heating in winter, while southern
cities may face greater pressure from vehicle exhaust and industrial emissions. These
differences result in distinct PM2.5 generation and diffusion mechanisms, making it difficult
for a single model trained on data from one city to achieve consistent prediction accuracy
in other regions. Therefore, the lack of cross-regional validation greatly limits the gener-
alizability of existing models. (3) Inadequate handling of uncertainties in the prediction
process—there are various uncertainties in the process of predicting air pollution concen-
tration, including observation errors, model parameter uncertainties and meteorological
condition uncertainties. The lack of research on uncertain factors in current forecasting can
be addressed by strengthening the study of uncertain factors to enhance the reliability of
prediction results.

Furthermore, the current models rarely consider anthropogenic activity indicators such
as traffic flow, industrial emission intensity, energy consumption, and seasons/holidays.
These factors are important drivers of PM2.5 concentration changes. For example, peak
traffic hours usually lead to an increase in vehicle exhaust emissions, resulting in a rise in
PM2.5 concentration; industrial production activities may have different emission intensities
on working days and holidays; and seasonal changes (e.g., winter heating, summer high
temperatures) can also affect the generation and accumulation of PM2.5. Ignoring these
anthropogenic factors limits the model’s ability to capture complex nonlinear relationships
between PM2.5 and its influencing factors.

In view of the complex hybrid models proposed by the research team in the early
stage (such as EEMD-ALSTM, LASSA-LGB, mWOA-SVR, etc.), which have high model
complexity and high requirements for computing resources and data quality, this study
chooses to construct a lightweight Weighted KNN-LSTM model with a relatively simple
architecture. The core research objective of this study is to explore the feasibility of improv-
ing the prediction accuracy of PM2.5 concentration by introducing a weighted KNN-based
data reconstruction strategy on the basis of the classic LSTM model, and to provide a
lightweight and easy-to-implement technical solution for small and medium-sized cities
with limited monitoring data and computing resources. Although the weighted KNN
technology is a basic machine learning method, this study innovatively applies it to the
data preprocessing stage of the LSTM model for PM2.5 time series prediction, and verifies
the effectiveness of the weighted mechanism in improving the model’s ability to capture
the temporal correlation of PM2.5 concentration through comparative experiments. The
lightweight model design is more in line with the actual application needs of regional
environmental monitoring departments with limited technical and resource conditions.

In this work, our research team aims to propose a new model for PM2.5 prediction,
namely the weighted KNN-LSTM model based on LSTM weighted by the KNN algorithm.
Specifically, in accordance with the principle that the greater the distance, the smaller the
importance, and the smaller the distance, the greater the importance, we assign correspond-
ing weights to the nearest neighbors to reflect the relative importance of different neighbors,
and then seek the KNN of each time point based on the Euclidean distance within the data
time range. Then, after the initial data is processed by the weighted KNN algorithm, it
is reorganized and transformed into a reconstructed dataset with a size K times that of
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the original data. Next, the LSTM neural network model is trained on this new dataset to
enhance its generalization ability and achieve accurate prediction of PM2.5 concentrations.
PM2.5 concentration time series have inherent memory of historical air quality conditions,
and the temporal dependence contained in the sequence can be used to deduce the future
expectation of air quality, which is the theoretical basis for using time series models to
predict PM2.5 concentration. The experimental results show that the weighted KNN-LSTM
model exhibits excellent predictive performance in predicting PM2.5 concentration, which
achieves higher prediction accuracy than other comparative models. However, it should be
emphasized that the model’s performance in other regions remains untested, and its ability
to capture extreme PM2.5 concentration outliers and sudden heavy pollution events has
not been specifically evaluated. Therefore, the claim that the model can support “heavy
pollution early warning” requires further empirical verification.

This study’s conclusions contribute to the accurate prediction of air quality in Nan-
chang, thereby it provides a scientific basis for formulating targeted strategies to improve
regional air quality and alleviating the adverse impacts of air pollution on public health.

2. Data and Methods
2.1. Data Source

The experimental study data chosen in this work include PM2.5 and five related air
pollution concentration indicators, spanning from 0:00 on 1 February 2017 to 19:00 on
22 December 2018 in Nanchang City. The time interval between adjacent time points is
1 h. There are a total of 6 characteristic columns in the data, including PM2.5, PM10, SO2,
CO, NO2 and O3. The dataset of Nanchang City consists of 15,565 samples, with 80% used
as the training set and 20% used as the testing set. We explicitly emphasize that the data
used to evaluate the model’s performance (the 20% testing set) were not used in any stage
of model training or parameter tuning. It is necessary to state this clearly so that young
scientists learn that they cannot use the same data for model development and evaluation,
as doing so would just assess the quality of fit, but provide no information about the quality
of the prediction. This study uses the 2017–2018 Nanchang City air pollutant concentration
data as the research basis for the preliminary verification of the Weighted KNN-LSTM
model framework; in the follow-up research, the research team will supplement the latest
PM2.5 concentration monitoring data of Nanchang City from 2019 to 2024, and integrate
multi-source data such as meteorology and anthropogenic activities for model optimization
and re-verification to improve the timeliness and applicability of the research results.

Moreover, due to objective data availability limitations, it should be noted that this
study did not include meteorological data (e.g., wind speed, precipitation, relative humid-
ity, atmospheric pressure) and anthropogenic activity indicators (e.g., traffic flow, industrial
emission intensity, energy consumption, seasons/holidays) due to data availability limita-
tions. These factors are known to have significant and direct impacts on PM2.5 concentration
generation, diffusion and transformation, and their exclusion is a key limitation of this
study, which may affect the model’s ability to capture the complete and complex nonlinear
changes in PM2.5 concentration. The lack of meteorological data is the main limitation of
this study. Meteorological factors such as wind speed, temperature inversion, and precipita-
tion are the key reasons for the sudden change in PM2.5 concentration. The absence of such
data makes the model unable to explain the physical mechanism of PM2.5 concentration
change, and it only can capture the numerical correlation between pollutant concentrations,
resulting in the insufficient interpretability of the model’s prediction results.
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2.2. KNN Algorithm

The KNN (K-nearest neighbor) algorithm, also known as the KNN algorithm, is a
machine learning technique commonly used in classification and regression [26]. It is
still widely used today. Due to its significant advantages in processing multidimensional
and even high-dimensional data, KNN is widely used in various fields such as data
mining [27,28] and pattern recognition [29]. The basic principle of KNN algorithm in
classification is to use a pre-set distance formula to calculate the distance between unknown
class samples and known class samples [30]. By calculating the distance, the nearest K
samples are found, and the category of the unknown class sample is determined based on
the majority category of the K samples. A significant advantage of this algorithm is that
it does not require pre-training of the model and can be directly processed based on the
dataset, thus having high adaptability to new data. In addition, the KNN algorithm is also
applied in regression problems, which infers the predicted value of the test sample based
on the actual values of the neighboring samples.

2.3. LSTM Neural Network

(1) Recurrent Neural Network (RNN)

Recurrent neural network (RNN) is a type of neural network specifically designed for
processing sequence data [31]. Compared to traditional neural networks, it pioneered the
“memory” mechanism, allowing it to learn the correlations between consecutive samples
and retain historical data information when processing current data. Therefore, RNN has
a strong ability to learn and predict sequential data [31,32]. For example, in tasks such
as natural language processing and speech recognition, traditional feedforward neural
networks cannot effectively capture dependencies in sequences. However, RNN solves
this problem by introducing cyclic connections, allowing the network to store and utilize
past information. Therefore, in natural language processing, RNN is widely used in tasks
such as machine translation, text generation, and sentiment analysis. In the field of speech
recognition, RNN can effectively process continuous speech signals and achieve high-
precision speech recognition. In addition, the role of RNN cannot be ignored in fields such
as time series prediction and stock market analysis. The theoretical model is shown in
Figure 1.

Figure 1. RNN structure.

Based on the RNN structure diagram, in order to better explain the principle of the
RNN model, the formulas involved are as follows:

ht = F(Wxt + Uht−1) (1)

yt = G(Vht) (2)
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The input is x, the output is y, the intermediate state of the hidden layer is h, and
the weights U, W and V in the network are equal at every moment. F(·) and G(·) are
activation functions.

The above formula indicates the calculation process of a recurrent neural network unit.
Based on its calculation process, it can be concluded that the output at the current time is
not only related to the input at the current time, but also to the hidden state of the previous
neural unit. Thus, it can be concluded that RNN has memory function, but the RNN is
not perfect. As the depth of the network increases, it cannot retain historical data from
a long time ago, such that the point where the output of the current time distribution is
only related to the historical data from adjacent steps. Furthermore, in the backpropagation
process, it is easy to encounter problems such as vanishing or exploding gradients, making
it difficult to train the model.

(2) Long Short-Term Memory Network

Therefore, RNN has a strong ability to learn and predict sequential data. The inherent
memory mechanism of these models means that the current state of PM2.5 concentration is
not isolated but is deeply influenced by previous time steps. Consequently, the time series
of PM2.5 data have memory of the past situation and hence can be used to deduce future
expectation of air quality. Long short-term memory (LSTM) is an improved form of RNN,
which is commonly used for processing long time series and is widely used in fields such
as natural language processing, speech recognition and image processing [33].

The design of the LSTM model is to address some of the drawbacks of RNN; for
instance, RNN receives all input information indiscriminately with an unfocused memory
mechanism, memorizing both the key data that should be retained and the redundant data
that should be discarded [34,35]; in addition, when the time series is too long, the new
information in the RNN will overwrite the old information, leading to the loss of long-term
memory information. Therefore, the performance of the RNN model is not good when
processing long time series. For this purpose, LSTM introduces a cell state and a set of
gating mechanisms to achieve precise control over data transmission and retention [36].
The design of this cell control mechanism in LSTM means that when calculating the output
at the current time, the model not only considers the output of the previous time step and
the input of the current time step, but also uses the previous cell state to store important
historical information. After processing the data at the current time, each node unit in
LSTM not only outputs a result at the current time, but also transmits the current node
unit state (also known as the hidden state) to the next LSTM unit. Due to its cell control
mechanism and the continuous transmission of node unit states, LSTM can effectively
process historical information with very long time intervals, solving the problem of the
poor performance of RNN in processing long sequence data. This makes the LSTM model
significantly advantageous in analyzing sequence data with long-term dependencies. The
LSTM neural network structure is shown in Figure 2.

2.4. Principle of Weighted KNN-LSTM Model

To some extent, each learning model has some limitations and cannot fully adapt to
all types of data, nor can its prediction accuracy reach 100%. In order to further improve
the accuracy of prediction, it is possible to consider combining multiple models to fully
utilize the advantages of each model, and select the optimal integrated model for practical
application. This method is also known as an ensemble learning algorithm. Ensemble
learning algorithms can be classified into Bagging, Boosting and Stacking ensemble learn-
ing methods based on their structural characteristics. While the Bagging and Boosting
algorithms use the principles of voting and weighted averaging, respectively, the Stacking
algorithm takes a different approach by constructing a new model to retrain the predictions
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of multiple learners. The basic idea is to use multiple base learners to learn from the training
data separately, and then use the outputs of these base learners as new features to input
into the meta-learner for training. Finally, the meta-learner provides the prediction results.

 
Figure 2. Schematic of LSTM structure [21].

In order to handle the temporal correlation influence between nodes in the time series,
this study first uses the KNN algorithm to select K time points that have an impact on the
current time point by using the Euclidean distance formula, and assigns corresponding
weights to these K time points to represent the degree of influence of K-nearest neighbor
time points on the current time point. Then, the feature data of the K neighboring time
points are concatenated in series to construct reconstructed dataset with a size K times that
of the original data. When determining weights, we follow a principle: the smaller the
distance, the greater the weight and the higher the importance; The larger the distance,
the smaller the weight, and the lower the importance. Therefore, this article chooses the
reciprocal of distance as the weight. The distance between time nodes is calculated using
Euclidean distance, which is defined as follows:

dist =
√

∑s
m=1 (xi,m − xj,m), i, j = 1, 2, . . . , n (3)

where xi,m and xj,m represent the mth feature value for time point i and j respectively; s is
the number of features of each time point sample, and dist indicates the distance between
the time point i and j.

After calculating the distance between time points based on the distance formula,
the corresponding weights can be calculated using the obtained distance. The calculation
formula is as follows:

wi,j =

{
1

dist , i ̸= j
1 , i = j

(4)

where wi,j is the weight assigned to time point j as the nearest neighbor of time point i.
After obtaining the corresponding weights of the nearest neighbors, the calculated

weights can be multiplied by the features at the corresponding time points to obtain data
with weight effects. The formulas involved are as follows:

x(k)i =
[

x(k)i,1 , x(k)i,2 , . . . , x(k)i,s

]
(5)

a(k)i x(k)i =
[

a(k)i x(k)i,1 , a(k)i x(k)i,2 , . . . , a(k)i x(k)i,s

]
(6)

where x(k)i denotes the k-th nearest neighbor at time point i, x(k)i,s represents the s feature of

the k-th nearest neighbor at time point i, and a(k)i is the weight of x(k)i .
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Each time point sample has K-nearest neighbors, and the weighted data can be written
in the form of column vectors, so that

S1 =


a(1)1 x(1)1

a(1)2 x(1)2
...

a(1)n x(1)n


n×m

, S2 =


a(2)1 x(2)1

a(2)2 x(2)2
...

a(2)n x(2)n


n×m

, . . . , Sk =


a(k)1 x(k)1

a(k)2 x(k)2
...

a(k)n x(k)n


n×m

(7)

where S1, S2 and Sk are the matrix composed of the first, second and K-th nearest neighbor
feature data at each time point respectively.

Finally, K matrices S1, S2, . . ., Sk could be concatenated to obtain a new data matrix
with a size K times that of the original data matrix, which can be expressed as

S′ = [S1, S2, . . . , Sk]n×km (8)

To clearly display the content, it can be expanded as follows:

S′ =


a(1)1 x(1)1,1 . . . a(1)1 x(1)1,m a(2)1 x(2)1,1 . . . a(2)1 x(2)1,m . . . a(k)1 x(k)1,1 . . . a(k)1 x(k)1,m

a(1)2 x(1)2,1 . . . a(1)2 x(1)2,m a(2)2 x(2)2,1 . . . a(2)2 x(2)2,m . . . a(k)2 x(k)2,1 . . . a(k)2 x(k)2,m
... . . .

...
... . . .

... . . .
... . . .

...

a(1)n x(1)n,1 . . . a(1)n x(1)n,m a(2)n x(2)n,1 . . . a(2)n x(2)n,m . . . a(k)n x(k)n,1 . . . a(k)n x(k)n,m


n×m

(9)

where S′ realizes K-fold data reconstruction, which contains the weighted feature data
of all time points and their K-nearest neighbors. Each row and column of the matrix S′

respectively represents the integrated weighted data of each feature and different time
points with their K-nearest neighbors.

Subsequently, in combination with the LSTM model, the K-fold reconstructed data
is used as the network input to predict PM2.5 concentration. Due to its ability to capture
long-term dependencies in time series, the LSTM model can more accurately predict future
PM2.5 concentrations. The structure of the entire weighted KNN-LSTM model is shown in
Figure 3.

 

Figure 3. The structure of weighted KNN-LSTM model.
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After introducing the basic principle of the weighted KNN-LSTM model, a flowchart
can be used to illustrate the application of the model in predicting PM2.5 concentrations in
Nanchang City in a simple and clear manner. This flowchart starts with data preprocess-
ing, then constructs new samples using the KNN algorithm, trains the LSTM model for
prediction, and finally evaluates model performance using the test set. The specific process
of the model is redrawn by OriginPro (2024) to improve the drawing quality and logical
hierarchy, as shown in Figure 4.

 

Figure 4. The process of weighted KNN-LSTM model.

3. Experiment and Results
3.1. Correlation Analysis

Since PM10 and PM2.5 both belong to particulate matter (PM) and share partial overlap-
ping pollution sources (rather than completely identical sources), the moderate correlation
coefficient (r = 0.62) between the two parameters also reflects the non-identical nature of
their source contributions. Nitrogen oxides (NOx) and sulfur dioxide (SO2) are typical
precursors of secondary particulate matter, while ozone (O3) and PM2.5 are interrelated
through complex coupling effects. Moreover, carbon monoxide (CO) and PM2.5 are re-
garded as “causal pollutants” generated from incomplete combustion processes. Given
these inherent connections among atmospheric pollutants, it is necessary to study correla-
tion characteristics.

Pearson correlation coefficient: it is a statistical measure used to measure the strength
and direction of a linear relationship between two variables. Its value is between −1 and
1, usually represented by the letter r. If the correlation coefficient is close to 1 or −1, it
indicates a strong positive or negative linear correlation between the two variables; if the
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correlation coefficient is close to 0, it indicates that there is almost no linear relationship
between the two variables. The specific formula is as follows:

r = ∑n
i=1 (Xi − X)(Yi − Y)√

∑n
i=1 (Xi − X)

2
√

∑n
i=1 (Yi − Y)2

(10)

where Xi and Yi are the observed values of their respective variables, and X and Y are the
sample means, X and Y mean of variable sum, and n is the number of sample data.

Based on previous research results, this article selected five relevant air pollution
factors that affect PM2.5 in Nanchang City, and conducted correlation analysis on them
before modeling. The analysis results are shown in Figure 5.

 

Figure 5. Heat map of variable correlation.

Figure 5 clearly showed that there is a strong linear correlation between PM2.5 and
PM10, CO, and NO2 in Nanchang City, and all of them are positively correlated. This
indicates that the higher the concentration of PM10, CO, and NO2, the higher the PM2.5

concentration time series. The correlation coefficient of SO2 with PM2.5 is 0.56, which
represents a moderate positive linear correlation and should not be described as low; in
fact, this value is higher than the correlation coefficient between NO2 and PM2.5. O3 shows
a low linear correlation with PM2.5 concentrations, but they are still worthwhile factors to
be included in the model. Because these two factors are important air quality indicators and
the model can take into account their nonlinear relationship with PM2.5, the model can learn
the nonlinear relationship between PM2.5 and complex influencing factors. However, as
mentioned earlier, PM2.5 concentration is also jointly driven by key meteorological factors
and anthropogenic activities, which were not included in the correlation analysis due to
objective data availability limitations. Future studies should incorporate these factors to
conduct a more comprehensive and in-depth correlation analysis that combines numerical
correlation and physical mechanism.

3.2. Experimental Hyperparameter Settings

This work uses the weighted KNN-LSTM model to predict PM2.5 concentrations in
Nanchang City. Before using the model for prediction, it is necessary to set the size of the K
value and the relevant network hyperparameters.

Usually, the K value is relatively small, ranging from 1 to 5, and its value magnitude
will affect the selection of neighbors. A sensitivity analysis of the K value was carried
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out, and the changes in three evaluation indicators (MAE, MAPE, RMSE) of the Weighted
KNN-LSTM model under different K values (1, 2, 3, 4, 5) were plotted into a sensitivity
analysis chart (see Figure 6). The analysis results show that the model’s prediction per-
formance is the best when K = 1, the performance is slightly improved when K = 2, and
the optimal prediction effect is achieved when K = 3; with the continuous increase in K
value (K = 4, 5), the model’s prediction indicators show a significant upward trend, and
the prediction accuracy decreases. Therefore, for each time node, selecting three nearest
neighbors (including the node itself) can achieve the optimal effect of the model. Taking
the data from Nanchang City studied in this article as an example, if the three nearest
neighbors of a time t1 node are t1, ti and tj, the factors involved in these time nodes include
initial data contains six dimensions, namely PM2.5, PM10, SO2, CO, NO2 and O3. After
selecting three nearest neighbors for weight allocation and reconstructing the data, the
dimension of the input factor will be expanded from 6 to 18.

 

Figure 6. Loss curve of model training process. Note: The vertical axis represents the value of
evaluation indicators (MAE/MAPE/RMSE), and the horizontal axis represents the K value (1, 2, 3, 4,
5); the three curves respectively represent the change trend of MAE, MAPE and RMSE with the K
value; MAE (µg/m3), RMSE (µg/m3), MAPE (dimensionless); Loss value (MSE, (µg/m3)2).

During the experiment, this article selected the Python (Version 3.12) framework in the
field of deep learning to build the weighted KNN-LSTM model and all its control models
(RNN LSTM, GRU, KNN-LSTM). Through repeated parameter tuning, this article has
determined the optimal network hyperparameter combination, which includes two LSTM
layers and two fully connected layers. Each LSTM layer contains 200 nodes, while the
fully connected layer has 256 nodes. The fully connected layer uses the tanh function as
the activation function. To prevent overfitting, the dropout rate of network nodes is set
to 0.3. During the model training process, mean squared error (MSE) is selected as the
loss function and optimized using the AdamW optimizer. The batch size of each training
sample is 512, the overall number of training epochs is 100, and the training results for each
round are recorded in detail, including the losses on the training set and the losses on the
test set.

3.3. Prediction Performance and Experimental Comparison

Firstly, the weighted KNN-LSTM model takes a historical time series with a length
of four as input, which is used to predict the PM2.5 concentration value at the next time
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step. The historical air pollution of t − 1, t − 2, t − 3, t − 4 (the first four time points) and
the corresponding K neighboring air pollution data of their corresponding time nodes are
used as inputs to the network, and the PM2.5 concentration data at time t (the next time
point) is used as output. After determining the hyperparameters of the model and the
length of historical time series, the model is trained until it converges. The trained model is
then applied exclusively to the independent testing set to verify its generalization ability.
As noted earlier, this strict separation of training and assessment data is fundamental to
ensuring that the model’s performance metrics are indicative of its predictive power on
unseen data. The loss curve during its training process is indicated in Figure 6. After
multiple iterations of training, the model’s losses on both the training and testing sets tend
to stabilize, indicating that the model has successfully converged.

After the model training is completed, the trained model is used to predict the test
set. The true and predicted values of PM2.5 concentration in the test set are shown in
Figure 7. In order to better demonstrate the accuracy of the weighted KNN-LSTM model in
predicting PM2.5 pollution, the coefficient of determination between the true and predicted
values is calculated. The results show that the model can explain 96.5% of the variance in
PM2.5 concentrations, and the effect is shown in Figure 8.

Figure 7. Actual and predicted values of PM2.5 (µg/m3).

However, it should be noted that this study did not specifically evaluate the model’s
performance in capturing outliers with extremely high PM2.5 concentrations or sudden
heavy pollution events. To address this gap, we further analyzed the prediction results
of the test set by identifying samples with PM2.5 concentrations exceeding 115 µg/m3

(the threshold for severe pollution according to Chinese national standards). A total of
32 such samples were found in the test set. The MAE, MAPE, and RMSE of the weighted
KNN-LSTM model for these samples were calculated as 4.23, 0.037, and 5.68, respectively.
Although the model still shows a certain predictive ability for extreme pollution events, the
error indicators are higher than those for the overall test set (MAE = 2.7719, MAPE = 0.1127,
RMSE = 3.9655), indicating that the model’s accuracy in capturing extreme values needs to
be further improved. This means that the model currently cannot directly support heavy
pollution warnings, and the prediction of extreme PM2.5 concentration values needs to
be optimized by combining meteorological early warning data and increasing the weight
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of extreme samples in the training set. In order to verify the statistical significance of
the prediction performance improvement in the Weighted KNN-LSTM model compared
with other models, this study conducted the Diebold–Mariano (DM) test and two-tailed
t-test on the prediction error sequences of each model. The test results show that the DM
statistic between the Weighted KNN-LSTM model and the traditional LSTM model is −2.36
(p-value = 0.018 < 0.05), and the t-statistic is −2.41 (p-value = 0.016 < 0.05); the DM test and
t-test results between the Weighted KNN-LSTM model and the unweighted KNN-LSTM
model are DM = −1.98 (p = 0.048 < 0.05) and t = −2.03 (p = 0.043 < 0.05). All test results
show that the 3% improvement in the Weighted KNN-LSTM model in RMSE is statistically
significant at the 5% significance level, indicating that the model’s prediction performance
improvement is not a random result, but is brought about by the weighted KNN data
reconstruction strategy.

 

Figure 8. Determination coefficient display diagram (µg/m3).

To verify that the weighted KNN-LSTM model proposed in this paper performs better
in predicting PM2.5 pollution, a comparison was made between the proposed prediction
model and models used in this field, specifically.

(1) RNN is a classic model for processing sequence data, characterized by the introduction
of recurrent units that enable the model to process sequence data with temporal
correlations. In the data processing of each time step, not only will the data input
of the current time step be utilized, but the intermediate state of the previous time
step will also be considered. This mechanism enables the model to process time series
and obtain time dependencies in the data. However, the RNN faces the problem of
vanishing or exploding gradients when processing long sequence data, resulting in
poor performance.

(2) LSTM is a variant of recurrent neural network designed to address the above-
mentioned problems in RNN. LSTM controls the flow of information by gating
mechanisms. These gate structures can help the model filter and remember im-
portant information, thereby solving the problem of the poor performance of RNNs
in processing long sequence data.

(3) Gated recurrent unit (GRU) is another improved variant of the RNN [37]. Compared
to LSTM, GRU has fewer parameters, faster training speed, and can reduce the risk of
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overfitting. Although the structure is simpler, it may not perform as well as LSTM in
certain tasks.

(4) The KNN-LSTM model does not assign weights when using the KNN algorithm for
data augmentation, and assumes that the K-nearest neighbor of each time point are
equally important. Its operation can make the weight of each nearest neighbor equal
to 1 to achieve an unweighted effect.

The comparative experimental results are shown in Table 1. This article uses three
performance metrics, RMSE, MAE and MAPE to evaluate the predictive performance of
different models.

Table 1. Evaluation index results.

Model MAE MAPE RMSE

RNN 3.0883 0.1393 4.2374
GRU 2.9253 0.1191 4.1362
LSTM 2.8532 0.1168 4.0983

KNN-LSTM 2.8068 0.1139 4.0888
Weighted

KNN-LSTM 2.7719 0.1127 3.9655

Note: The p-values of DM test and t-test between each model and Weighted KNN-LSTM are all less than 0.05,
indicating that the performance difference is statistically significant.

According to the experimental results in Table 1, when predicting the PM2.5 concen-
tration in Nanchang City, different models exhibited differences in the three evaluation
indicators of MAE, MAPE, and RMSE. The weighted KNN-LSTM model achieved the
lowest values in all indicators, with its MAE, MAPE, and RMSE values being 2.7719, 0.1127,
and 3.9655, respectively, outperforming other deep learning models (RNN, GRU, LSTM
and KNN-LSTM). Additionally, both the weighted KNN-LSTM model and the unweighted
KNN-LSTM model significantly outperformed the single LSTM model, indicating that the
introduction of the KNN algorithm can effectively improve the prediction accuracy. Fur-
thermore, the weighted KNN-LSTM outperformed the unweighted KNN-LSTM in terms of
prediction performance as well, suggesting that the use of the weighted mechanism in the
KNN algorithm can further enhance the model performance. Based on the above compara-
tive results, the weighted KNN-LSTM model demonstrates a clear advantage in predicting
the PM2.5 concentration in Nanchang City. However, due to significant differences in
geography, climate, and pollutant emission patterns among different cities, the current
empirical results cannot prove that the model has the same predictive power in other cities
or regions. For example, cities in northern China have different pollution sources and mete-
orological conditions compared to Nanchang, and the model may need to be adjusted and
optimized to adapt to these differences. Therefore, in-depth and systematic cross-regional
validation is an essential and necessary step to verify the model’s generalizability and
expand its application. This model can better capture the influence mechanism of different
environmental factors on PM2.5 concentration in Nanchang City, thereby providing more
robust and reliable predictions for the local air quality management.

4. Conclusions
This article is based on the fact that the nonlinear relationship between PM2.5 concen-

tration and various complex factors during air quality monitoring is difficult for traditional
single prediction methods to accurately capture and reflect. Meanwhile, most of these
previous studies were based solely on single time series or multidimensional sequences
containing a small number of spatial correlation factors for prediction. Due to the limited
amount of input related data, the accuracy of the trained LSTM neural network model is
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not ideal, and it exhibits instability after multiple trainings. Therefore, this article proposes
a deep learning model that combines Weighted KNN and LSTM for predicting PM2.5

concentration. Firstly, we analyzed the correlation between PM2.5 concentrations and five
other air pollution indicators in Nanchang City to determine which pollution indicators
have a strong linear correlation with PM2.5, and which pollution indicators have a nonlinear
relationship with PM2.5. Afterwards, the KNN algorithm was used to find the nearest
neighbors at each time point, and the weights were calculated using the distance formula.
The original data and weighted data are then used for K-fold data reconstruction. On
this basis, the reconstructed data obtained through the KNN algorithm was input into the
LSTM model, and an innovative weighted KNN-LSTM model was constructed, which was
applied to the prediction practice of PM2.5 concentration in Nanchang City. This study
strictly adheres to the principle that training data and evaluation data are completely
independent, and the test set is not involved in model training, which ensures that the
evaluation results reflect the real prediction performance of the model rather than the
fitting effect. The experimental results demonstrate that the weighted KNN-LSTM model
achieves a significant improvement. This conclusion is robust because the evaluation
was conducted on a dataset completely independent from the training set, adhering to
the scientific principle that model development and performance assessment must utilize
distinct data to avoid overfitting and ensure valid prediction quality.

Although the model proposed in this study exhibits promising performance in PM2.5

concentration prediction, it still has certain limitations that merit attention. First, the input
variables of the model do not yet incorporate a more comprehensive and systematic set
of factors that can directly and indirectly affect PM2.5 concentrations, such as detailed
ground-based meteorological parameters (e.g., wind speed, relative humidity, atmospheric
pressure, temperature inversion, precipitation), satellite remote sensing meteorological data
and quantitative indicators of human activities (e.g., real-time industrial emissions, traffic
flow volume, energy consumption intensity, seasons/holidays quantitative classification).
In the 2025 atmospheric environmental science research, the exclusion of meteorological
factors makes the model have the characteristics of “primitiveness” in the theoretical frame-
work, and the lack of physical interpretability has become the main shortcoming of the
model. Meteorological factors are the core factors determining the diffusion, deposition
and chemical transformation of PM2.5, and the prediction model only based on pollutant
concentration data has an obvious upper limit in prediction accuracy. The exclusion of these
multifaceted influencing factors may restrict the model’s ability to capture the complex
nonlinear relationships inherent in PM2.5 concentration variations. These meteorological
factors play a crucial role in the diffusion, deposition, and transformation of PM2.5. For
example, wind speed directly affects the diffusion range and speed of pollutants; relative
humidity affects the hygroscopic growth of PM2.5 particles; and atmospheric pressure
affects the vertical movement of air, thereby influencing the accumulation and diffusion
of pollutants. Anthropogenic activities such as traffic flow and industrial emissions are
direct sources of PM2.5, and their intensity changes have a significant impact on PM2.5

concentration. In addition, seasonal changes and holidays also affect PM2.5 concentration
by influencing human activities and meteorological conditions. The exclusion of these
multifaceted influencing factors may restrict the model’s ability to capture the complex
nonlinear relationships inherent in PM2.5 concentration variations. The lack of meteorologi-
cal data makes the model unable to explain the physical mechanism of sudden changes in
PM2.5 concentration (such as temperature inversion, calm wind, etc.), and the discussion
section can only analyze the numerical changes in prediction results, resulting in the lack
of depth and comprehensiveness of the discussion.
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Second, the experimental validation of the model was only conducted in Nanchang
City, a typical southern city in China, without extending the scope of application to other
cities with distinct geographical, climatic, and socioeconomic characteristics (e.g., northern
heating cities, coastal cities, mountainous cities, resource-based industrial cities). Different
cities have significant differences in geographical location (e.g., plain, mountain, coastal),
climate conditions (e.g., monsoon, arid, humid), and pollutant emission sources (e.g., in-
dustrial structure, energy consumption type, traffic volume). These differences lead to
variations in PM2.5 generation, diffusion, and transformation mechanisms. For example,
cities in the North China Plain are heavily affected by coal combustion for heating in
winter, resulting in high PM2.5 concentrations in winter; coastal cities may be affected
by sea breezes, which facilitate pollutant diffusion; and mountainous cities may have
poor pollutant diffusion due to terrain constraints. The narrow validation scope means
that the generalizability of the proposed model, especially its adaptability to regions with
different PM2.5 pollution sources and diffusion patterns, has not been sufficiently verified.
To improve the model’s generalizability, future studies should conduct large-scale and
multi-scenario cross-regional validation experiments by collecting PM2.5 concentration
data, meteorological data, and anthropogenic activity data from multiple cities with dif-
ferent characteristics. During the validation process, it may be necessary to adjust model
parameters or optimize the model structure according to the characteristics of different
regions to improve the model’s adaptability.

Third, the model’s ability to capture outliers with extremely high PM2.5 concentrations
or sudden heavy pollution events needs to be further improved. Although the preliminary
analysis of extreme pollution samples in the test set shows that the model has a certain
predictive ability, the prediction error is higher than that of the overall data. Sudden
heavy pollution events are often caused by a combination of multiple factors, such as
unfavorable meteorological conditions and sudden increases in pollutant emissions. The
current model’s input variables and structure may not be able to fully capture these complex
triggering mechanisms. Future studies should focus on optimizing the model to improve
its performance in predicting extreme pollution events—for example, by increasing the
weight of extreme samples in the training set, introducing attention mechanisms to focus
on key factors that trigger extreme events, or combining other models that are good at
capturing outliers. The model’s poor performance in predicting extreme pollution samples
is inconsistent with the initial claim of supporting heavy pollution warnings, and this
contradiction has been corrected in this study; the model can only be used as an auxiliary
reference for PM2.5 concentration prediction at present, and the heavy pollution warning
function needs to be realized through multi-model fusion and multi-source data integration.

In response to the aforementioned limitations, our future research will focus on three
key and actionable directions to further optimize the weighted KNN-LSTM model and
expand its application value. On one hand, we will comprehensively expand the input
feature set of the model by integrating multi-source heterogeneous data (e.g., ground-based
meteorological observations, satellite remote sensing meteorological and air quality data,
socioeconomic statistics, real-time anthropogenic activity monitoring data) to enhance its
physical interpretability and ability to accurately predict PM2.5 concentration changes. On
the other hand, we will conduct systematic and in-depth cross-regional validation experi-
ments covering cities with diverse environmental backgrounds (northern/southern China,
coastal/inland, industrial/non-industrial cities), aiming to optimize the model’s structure
and parameters for better generalizability and provide more universally applicable tech-
nical support for urban air quality prediction across different regions. In addition, the
research team will supplement the latest PM2.5 concentration monitoring data of Nanchang
City from 2019 to 2024, integrate the above multi-source data to update and retrain the

https://doi.org/10.3390/atmos17060585

https://doi.org/10.3390/atmos17060585


Atmosphere 2026, 17, 585 18 of 19

model, and re-verify the model’s performance after data update to solve the problem of out-
dated research data and further improve the model’s timeliness and practical application
value for Nanchang’s air quality management.
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