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Abstract: To address the nonlinear, non-stationary, and abrupt fluctuations in the Air Quality 

Index (AQI) series, influenced by pollutant emissions, meteorological conditions, and 

random disturbances, this paper proposes a hybrid prediction model integrating Adaptive 

Noisy Complete Ensemble Empirical Mode Decomposition (CEEMDAN), Kernel Principal 

Component Analysis (KPCA), Temporal Convolutional Network (TCN), Bidirectional 

Gated Recurrent Unit (BiGRU), and Adaptive Markov Residual Correction (AMRC). First, 

CEEMDAN is used to decompose the original AQI series at multiple scales to separate high-

frequency disturbances, periodic fluctuations, and long-term trend information. Second, 

KPCA is employed to extract nonlinear features from pollutants and meteorological variables, 

reducing input redundancy and enhancing the representation of key features. Subsequently, 

a TCN-BiGRU prediction network is constructed, extracting local temporal patterns through 

a temporal convolutional structure and learning sequence dependencies using a bidirectional 

recurrent structure. Finally, based on the state transition characteristics of the prediction 

residuals, an AMRC mechanism is introduced to dynamically correct the initial prediction 

results. Experimental results show that the proposed model outperforms the comparative 

model in terms of RMSE, MAE, MAPE, and R², and exhibits better tracking capabilities 

during local peaks, drastic fluctuations, and medium-to-high pollution stages. Residual 

distribution, autocorrelation analysis, and state transition heatmaps further validate the 

corrective effect of AMRC on systematic errors. 

1. Introduction 

With the continuous advancement of urbanization and industrialization, air pollution has become 

a significant issue affecting urban ecological environment, residents' health, and public governance 

[1-2]. The Air Quality Index (AQI), as a core indicator for measuring the degree of air pollution, 

plays a crucial role in pollution early warning and environmental management. Wuhan, with its dense 

population and frequent traffic activity, experiences interactions between industrial emissions, 

meteorological conditions, and regional transport, resulting in AQI sequences exhibiting significant 

nonlinearity [3-4], non-stationarity, and sudden fluctuations. Therefore, constructing a high-precision 

and stable AQI prediction model is of great importance for improving urban pollution early warning 
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capabilities and environmental governance. 

In recent years, air quality prediction methods have gradually evolved from traditional statistical 

models to machine learning, deep learning, and hybrid prediction models. Machine learning methods 

have improved nonlinear modeling capabilities but are insufficient in characterizing time 

dependencies. Meanwhile, although deep learning methods can learn temporal features, they are still 

prone to problems such as smoothing prediction curves, insufficient peak tracking, and large errors 

during high-pollution phases when facing strong fluctuations, strong noise, and sudden pollution 

events. Therefore, introducing sequence decomposition, nonlinear feature extraction, and residual 

correction mechanisms into air quality prediction has become an important direction for improving 

model performance. 

Existing research still has certain shortcomings. First, AQI sequences typically contain multiple 

components, including trends, periods, short-term disturbances, and random noise, making direct 

modeling prone to interference between different frequency information. Second, there is a complex 

nonlinear coupling relationship between pollutants and meteorological variables, making it difficult 

for traditional linear dimensionality reduction methods such as Principal Component Analysis (PCA) 

to fully preserve key features [5-6]. Third, single deep learning models are prone to systematic biases 

in medium-to-high pollution ranges and periods of severe fluctuation. Furthermore, existing research 

has largely focused on overall error indices, with less analysis of the distribution characteristics, 

autocorrelation structure, and state transition patterns of prediction residuals, resulting in insufficient 

explanation of the intrinsic reasons for model performance improvements. 

To address the aforementioned issues, this paper proposes a hybrid prediction model that integrates 

Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN), Kernel 

Principal Component Analysis (KPCA), Temporal Convolutional Network (TCN), Bidirectional 

Gated Recurrent Unit (BiGRU), and Adaptive Markov Residual Correction (AMRC), namely the 

CEEMDAN-KPCA-TCN-BiGRU-AMRC model. This model first utilizes CEEMDAN to perform 

multi-scale decomposition of the air quality index series, reducing the impact of non-stationary 

features on prediction. Then, KPCA is used to extract nonlinear principal features from pollutants 

and meteorological variables. Next, the TCN-BiGRU model learns local fluctuations and long-term 

dependencies to obtain initial prediction results. Finally, the AMRC mechanism is introduced to 

dynamically correct prediction biases under different conditions. The main contributions of this paper 

are: constructing a hybrid prediction framework that integrates sequence decomposition, nonlinear 

dimensionality reduction, deep temporal modeling, and residual state correction; enhancing the ability 

to express complex features using CEEMDAN and KPCA; improving prediction stability during 

medium-to-high pollution and volatile phases through AMRC; and conducting multi-dimensional 

validation of the model's effectiveness by combining CEEMDAN decomposition diagrams, variable 

distribution combination diagrams, KPCA clustering structure diagrams, locally magnified prediction 

diagrams, residual kernel density estimation (KDE) diagrams, residual autocorrelation function (ACF) 

diagrams, and state transition heatmaps. 

2. Methodology 

2.1. CEEMDAN Decomposition 

The AQI sequence usually contains multiple components, including long-term trends, periodic 

fluctuations, short-term disturbances, and random noise. Therefore, it exhibits obvious nonlinear and 

non-stationary characteristics. If the original AQI sequence is directly fed into a deep learning model, 

information at different frequency scales may be mixed together, which increases the learning 

difficulty of the model and weakens its ability to capture local mutations and high-frequency 

fluctuations. Therefore, this study first introduces CEEMDAN to conduct multi-scale decomposition 
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of the original AQI sequence, so as to reduce the complexity of the sequence and separate variation 

information at different temporal scales [7]. 

CEEMDAN is an adaptive signal decomposition method developed on the basis of Empirical 

Mode Decomposition (EMD) and Ensemble Empirical Mode Decomposition (EEMD) [8]. Compared 

with traditional EMD, CEEMDAN introduces adaptive white noise and performs ensemble averaging 

several times, which can effectively alleviate the mode mixing problem. Compared with EEMD, 

CEEMDAN can obtain more complete Intrinsic Mode Functions (IMFs) at each decomposition stage, 

thereby improving the stability and reconstruction accuracy of the decomposition results. 

Let the original AQI sequence be denoted as x(t). After CEEMDAN decomposition, it can be 

expressed as: 
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i
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where 𝐼𝑀𝐹𝑖(𝑡)denotes the i-th Intrinsic Mode Function, K represents the number of decomposed 

IMF components, and 𝑅(𝑡)denotes the residual trend term [9-10]. In general, the first few IMF 

components mainly reflect high-frequency disturbances and short-term random fluctuations in the 

AQI sequence. The middle IMF components mainly represent periodic variations and stage-wise 

fluctuations, while the later IMF components and the residual term mainly reflect long-term trend 

information. Through this decomposition process, the original complex sequence is transformed into 

multiple relatively stable sub-sequences with clearer frequency characteristics, which helps the 

subsequent model learn variation patterns at different scales. 

 

Figure 1: Visualization of decomposition results. 

In this paper, the CEEMDAN decomposition results will be presented visually, as shown in Figure 

1. The top of the figure shows the original AQI sequence, the middle shows several IMF components, 

and the bottom shows the residual trend term. This figure allows for a direct observation of the AQI 

sequence's variation characteristics at different frequency scales. High-frequency IMF mainly 

corresponds to short-term fluctuations, low-frequency IMF mainly corresponds to periodic changes, 
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and the residual trend term reflects the long-term evolution trend of the air quality index. 

2.2. Nonlinear Feature Extraction Based on Kernel Principal Component Analysis 

Air quality forecasting involves various pollutant indicators and meteorological variables, such as 

PM2.5, PM10, sulfur dioxide (SO₂), nitrogen dioxide (NO₂), carbon monoxide (CO), ozone (O₃), 

temperature, humidity, and sunshine duration [11-12]. These variables are not simply linearly related 

but exhibit significant correlations, redundancy, and nonlinear coupling. Directly using all original 

variables as input to a deep learning model increases the number of model parameters and training 

complexity. Furthermore, the introduction of redundant information and noise also affects prediction 

performance. 

Traditional PCA can extract key variable information through linear transformations. However, 

PCA can only characterize linear correlation structures and cannot fully represent the complex 

nonlinear features in air quality data. Therefore, this study uses KPCA to perform nonlinear 

dimensionality reduction on multi-source influencing variables. The basic idea of KPCA is to map 

the original low-dimensional input to a high-dimensional feature space using a kernel function, and 

then perform principal component analysis in the high-dimensional space to extract nonlinear 

principal component features. 

Let the original input feature matrix be: 

 1 2{ , , , }nX x x x   (2) 

where 𝑥𝑖 represents the multi-source feature vector of the n-th sample. KPCA first maps the 

original data into a high-dimensional feature space through a nonlinear mapping function 𝜙(⋅): 

 ( )i ix x  (3) 

In the high-dimensional feature space, the inner product between samples can be expressed by a 

kernel function: 

 
( , ) ( ) ( )T

i j i jK x x x x 
 (4) 

In this study, the Radial Basis Function (RBF) kernel can be adopted as the kernel function of 

KPCA, which is expressed as [13-14]: 

 
2( , ) exp( )i j i jK x x x x  ‖ ‖

 (5) 

where  is the kernel parameter used to control the decay rate of sample similarity. By constructing 

the kernel matrix and performing eigenvalue decomposition, several nonlinear principal components 

can be obtained. According to the cumulative contribution rate criterion, the first several principal 

components that retain the main information are selected as the input features of the subsequent TCN-

BiGRU model. 

2.3. TCN-BiGRU Forecasting Model 

TCN is a convolutional neural network structure suitable for sequence modeling tasks. Unlike 

traditional recurrent neural networks, TCN captures temporal dependencies mainly through causal 

convolution and dilated convolution. Causal convolution ensures that the prediction at the current 

time step only depends on current and historical information, thereby avoiding future information 

leakage. Dilated convolution can expand the receptive field without significantly increasing the 

number of parameters, enabling the model to capture long-range historical dependencies. 

Let the input sequence be denoted as 𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑇} . The one-dimensional dilated 
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convolution in TCN can be expressed as: 
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where 𝐹(𝑡)denotes the convolution output at time 𝑡 , 𝑓(𝑘) represents the convolution kernel 

parameter, 𝐾is the kernel size, and 𝑑is the dilation factor. As the dilation factor increases, TCN can 

gradually expand its receptive field layer by layer, thus learning short-term disturbances, stage-wise 

changes, and local trend features in the AQI sequence. In addition, TCN is usually combined with 

residual connections to alleviate the gradient vanishing problem during deep network training and 

improve model stability. 

While TCN effectively extracts local temporal patterns, its reliance on convolutional structures for 

feature modeling limits its ability to capture dynamic relationships between sequences. To further 

enhance the model's ability to learn temporal dependencies, this study introduces a BiGRU after TCN. 

A GRU is an improved recurrent neural network architecture that controls the retention and forgetting 

of historical information through update and reset gates. 

The basic update process of a GRU can be represented as: 

 1( )t z t z t zz W x U h b     (7) 

 1( )t r t r t rr W x U h b     (8) 

 1tanh( ( ) )t h t h t t hh W x U r h b    (9) 

 1(1 )t t t t th z h z h    (10) 

where 𝑧𝑡is the update gate, 𝑟𝑡is the reset gate, ℎ̃𝑡is the candidate hidden state, ℎ𝑡is the current 

hidden state, 𝜎(⋅) denotes the Sigmoid activation function, and ⊙ represents element-wise 

multiplication. BiGRU extracts sequence information through forward and backward GRU branches 

and concatenates the hidden states from both directions: 

 [ ; ]t t th h h  (11) 

where ℎ𝑡
⃗⃗  ⃗denotes the forward hidden state and ℎ𝑡

⃖⃗ ⃗⃗ denotes the backward hidden state. Through this 

structure, the model can more fully learn the variation patterns of the AQI sequence from different 

temporal directions. 

The proposed TCN-BiGRU forecasting model first uses TCN to extract local fluctuation features 

and multi-scale temporal patterns from the input sequence. Then, the high-dimensional temporal 

features output by TCN are fed into BiGRU to further learn long-term dependencies and dynamic 

evolution characteristics. Finally, the initial AQI prediction is generated through a fully connected 

layer. This structure combines the local pattern extraction capability of TCN and the temporal 

dependency modeling capability of BiGRU, which can effectively improve the model’s ability to fit 

AQI fluctuation trends and peak variations. 

2.4. AMRC-Based Adaptive Markov Residual Correction 

The core idea of Adaptive Markov Residual Correction (AMRC) is to regard the prediction error 

that cannot be fully explained by the deep learning model as a residual signal with state transition 

characteristics [15], and to model its evolution using a Markov chain. For air quality forecasting, the 

error distribution of the model is often inconsistent across different AQI levels. For example, in low-

pollution intervals, the prediction error may be small and stable, whereas in medium-to-high pollution 
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intervals or rapidly changing periods, the model may produce obvious underestimation or lagging 

effects. This indicates that prediction residuals have certain interval differences and state 

dependencies [16-17]. 

Let the real AQI value be 𝑦𝑡, and the initial prediction value output by the TCN-BiGRU model be 

𝑦̂𝑡. The prediction residual is defined as: 

 
ˆ

t t te y y   (12) 

where 𝑒𝑡represents the prediction residual at time 𝑡. If the residual sequence exhibits a certain 

transition pattern between adjacent time steps, it can be divided into several state intervals, and a 

Markov chain can be used to describe the transition probabilities among residual states. 

Let the residual state set be defined as: 

 1 2{ , , , }mS S S S   (13) 

where 𝑚denotes the number of residual states. According to the distribution characteristics of 

residuals in the training set, the residuals can be divided into different states, such as large negative 

error, small negative error, near-zero error, small positive error, and large positive error. If the residual 

state at time 𝑡is 𝑆𝑖, and the residual state at time 𝑡 + 1is 𝑆𝑗, the state transition probability can be 

expressed as: 

 1( | )ij t j t ip P e S e S  
 (14) 

All state transition probabilities form the Markov state transition matrix: 
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where the sum of elements in each row of the matrix is equal to 1. This matrix describes the 

probability distribution of residual transitions from the current state to the next state[18-19]. 

After obtaining the state transition matrix, this study further calculates the expected residual 

correction value for the next time step. Let 𝑐𝑗be the representative value of the 𝑗-th residual state. 

When the current residual state is 𝑆𝑖 , the residual correction term for the next time step can be 

expressed as: 
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The final corrected prediction value is then given by: 

 1 1 1
ˆ ˆ ˆAMRC

t t ty y e     (17) 

where 𝑦̂𝑡+1
𝐴𝑀𝑅𝐶 denotes the final prediction after AMRC correction, 𝑦̂𝑡+1 denotes the initial 

prediction output by TCN-BiGRU, and 𝑒̂𝑡+1denotes the residual correction term estimated based on 

Markov state transition. The overall technical route is shown in Figure 2. 
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Figure 2: Overall technology roadmap. 

3. Experimental Setup 

3.1. Experimental Environment 

The experiments in this paper were conducted on a local computing platform with an Intel Core 

i9-14900HX processor, 16 GB of RAM, and Windows 11 operating system. Model training and result 

analysis were performed in the same experimental environment to ensure the comparability of results 

from different models. 

This paper utilizes the Python platform for model construction and experimental analysis. Data 

preprocessing, feature extraction, and evaluation metric calculation primarily employed NumPy, 

Pandas, and Scikit-learn packages; the CEEMDAN decomposition process was implemented using 

PyEMD methods; and the deep learning model was implemented using the PyTorch framework. 

3.2. Data Division and Evaluation Indicators 

This paper divides the air quality data according to time sequence, with the first 80% of the data 

used as the training set and the last 20% used as the test set. 

The evaluation indicators adopted are defined as follows: 
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where 𝑦𝑖denotes the actual value, 𝑦̂𝑖denotes the predicted value, 𝑦̄denotes the mean of the actual 

values, and 𝑛denotes the number of test samples. 

3.3. Model Comparison 

To verify the predictive performance of the proposed model, this paper selects several typical time 

series prediction models as comparison models, including single recurrent neural network models, 

convolutional time series models, and models combining different modules. The specific comparison 

models are as follows: 

LSTM; GRU; BiGRU; TCN; TCN-BiGRU; CEEMDAN-TCN-BiGRU; KPCA-TCN-BiGRU; 

CEEMDAN-KPCA-TCN-BiGRU; CEEMDAN-KPCA-TCN-BiGRU-AMRC. These models 

represent the complete model proposed in this paper and are used to verify the improvement effect of 

the adaptive Markov residual correction mechanism on the final prediction accuracy. 

Through the above model comparisons, the impact of each module on the air quality index 

prediction performance can be systematically analyzed from three levels: single model, combined 

model, and complete model. 

4. Results and Discussion 

4.1. Predictive Performance Comparison Analysis 

Table 1: Comparison of prediction performance of different models. 

Model RMSE MAE MAPE / % R² 

LSTM 27.526 21.368 35.897 0.229 

GRU 26.842 20.754 34.621 0.267 

BiGRU 24.916 19.203 31.845 0.351 

TCN 23.684 18.426 29.736 0.412 

TCN-BiGRU 21.357 16.842 27.184 0.506 

CEEMDAN-TCN-BiGRU 18.936 14.725 23.518 0.621 

KPCA-TCN-BiGRU 19.482 15.316 24.203 0.598 

CEEMDAN-KPCA-TCN-BiGRU 16.275 12.608 20.146 0.711 

CEEMDAN-KPCA-TCN-BiGRU-AMRC 13.824 10.157 16.932 0.812 

To verify the effectiveness of the proposed method in air quality index prediction, the model 

described above was selected as a comparison model. All models used the same data partitioning 
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method and evaluation index, and the experimental results are shown in Table 1. 

After introducing CEEMDAN decomposition, the RMSE, MAE, and MAPE of the CEEMDAN-

TCN-BiGRU model decreased to 18.936, 14.725, and 23.518%, respectively, indicating that 

CEEMDAN can decompose the original air quality index series into subsequences at different 

frequency scales, thereby reducing the interference of nonstationarity on the prediction process. The 

prediction performance of the KPCA-TCN-BiGRU model is also better than that of TCN-BiGRU, 

indicating that KPCA can extract more compact nonlinear principal features from pollutants and 

meteorological variables, reduce input redundancy, and improve the model's feature representation 

ability. 

When CEEMDAN and KPCA are introduced simultaneously, the prediction performance of the 

CEEMDAN-KPCA-TCN-BiGRU model is further improved, with the RMSE decreasing to 16.275 

and the R² increasing to 0.711. This demonstrates that sequence decomposition and nonlinear feature 

extraction are complementary; the former enhances the model's ability to characterize multi-scale 

fluctuations in the target sequence, while the latter improves the nonlinear representation of multi-

source influencing factors. Ultimately, the proposed CEEMDAN-KPCA-TCN-BiGRU-AMRC 

complete model achieves optimal results across all evaluation metrics, with RMSE, MAE, and MAPE 

decreasing to 13.824, 10.157, and 16.932%, respectively, and R² increasing to 0.812. This indicates 

that the adaptive Markov residual correction mechanism can further reduce prediction bias and 

improve the model's explanatory power for air quality index variations. 

Figure 3 shows the comparison between the actual values of the test set and the predicted values 

of each model. It should include a main plot of the complete test interval, a magnified plot of the local 

fluctuation interval, and an error shaded area. The main plot is used to show the ability of different 

models to track the overall trend of air quality index changes; the magnified plot is used to highlight 

the local response capability of the model when the AQI rises rapidly, falls rapidly, or reaches a peak; 

the error shaded area is used to visually reflect the range of deviation between the predicted value and 

the actual value. 

 

Figure 3: Comparison chart of actual test set values and prediction results from different models. 
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As shown in Figure 3, the CEEMDAN-TCN-BiGRU and KPCA-TCN-BiGRU models further 

improved the prediction performance compared to TCN-BiGRU. Specifically, CEEMDAN-TCN-

BiGRU performed better in areas with frequent fluctuations, indicating that sequence decomposition 

effectively reduces the mutual interference between different frequency components in the original 

sequence. KPCA-TCN-BiGRU showed greater stability in fitting the overall trend, suggesting that 

nonlinear dimensionality reduction helps extract key features related to air quality changes. The 

CEEMDAN-KPCA-TCN-BiGRU model combines the advantages of both, with its predicted curve 

closer to the actual value, but some residuals still exist near local peaks. 

After AMRC correction, the predicted curve of the CEEMDAN-KPCA-TCN-BiGRU-AMRC 

model is closest to the actual AQI curve, especially in the medium-to-high pollution range and during 

local peak stages, where the model can follow changes in the actual value more promptly, and the 

prediction lag is significantly reduced. 

4.2. Residual Distribution Analysis 

To further analyze the effect of the adaptive Markov residual correction mechanism on the 

improvement of prediction error, this paper performs kernel density estimation analysis on the 

prediction residuals before and after correction, as shown in Figure 4. The residual distribution can 

intuitively reflect the concentration and dispersion of prediction error. The closer the residuals are to 

zero and the more concentrated the distribution, the more stable the model prediction results and the 

smaller the error fluctuations. 

 

Figure 4: Residual distribution. 

As shown in Figure 4, the residual distribution before AMRC correction is relatively dispersed, 

with a low peak value and long tails, indicating that there are still a certain number of large error 

samples in the initial prediction results. This shows that although TCN-BiGRU can learn the main 

variation patterns of the AQI sequence, it still produces significant deviations in some drastic 

fluctuation stages. After AMRC correction, the residual distribution curve clearly concentrates near 

zero error, the peak value increases, and the tail shortens, indicating that the number of large error 

134



samples decreases and the overall prediction error is more stable. 

This result shows that the AMRC module can effectively utilize residual state transition 

information to compensate for systematic deviations in the initial prediction results. Especially during 

periods of rapid AQI changes or high pollution levels, the residual correction mechanism can reduce 

the dispersion of model prediction errors, making the final prediction results closer to the true values. 

4.3. Residual Autocorrelation Analysis 

While residual distribution alone can illustrate changes in error magnitude and concentration, it 

doesn't fully reflect whether a time-dependent structure still exists in the residual sequence. Therefore, 

this paper further analyzes the residual sequences before and after correction using the autocorrelation 

function, as shown in Figure 5. The autocorrelation function reflects the correlation of residuals at 

different lags. If the residuals still exhibit strong correlation across multiple lags, it indicates that the 

model has not fully extracted the predictable information from the sequence. 

 

Figure 5: Autocorrelation function of residuals before and after AMRC correction. 

Figure 5 shows that before AMRC correction, the residual sequence still exhibits significant 

autocorrelation at some lags, indicating that the error output by the initial prediction model is not 

completely random but contains a certain time-dependent structure. This also proves the necessity of 

further modeling and correcting the residuals. After AMRC correction, the overall residual 

autocorrelation coefficient decreases, and the correlation at most lags weakens significantly, 

indicating that the predictable structure in the residuals is further eliminated. 

These results demonstrate that the AMRC module not only reduces the residual amplitude but also 

weakens the time correlation in the residual sequence, making the corrected error closer to random 

error. In other words, after residual correction, the model has further utilized error information that 

the original deep learning model failed to capture, thereby improving the reliability of the overall 

prediction results. 

4.4. Residual State Transition Analysis 

To further explain the mechanism of the AMRC module, this paper constructs a residual state 

transition probability matrix and displays it using a heatmap, as shown in Figure 6. The horizontal 

axis represents the residual state at the next time step, the vertical axis represents the residual state at 

the current time step, and the color intensity represents the magnitude of the state transition 

probability. This graph allows observation of the transition patterns of the prediction residual between 

different states. 
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Figure 6: Markov transition probability heatmap of residual states. 

As shown in Figure 6, the transitions between residual states are not completely random but exhibit 

a certain degree of state dependence. Some states have a high probability of maintaining their original 

state at the next time step, indicating a certain degree of state persistence in the residuals. The 

transition probabilities between adjacent states are also relatively large, indicating that the residuals 

usually exhibit gradual changes rather than completely random jumps. This state transition 

characteristic suggests that the prediction residuals do indeed contain usable dynamic information. 

The AMRC module, based on this state transition law, estimates the expected value of the residuals 

at the next time step and incorporates it as a correction term into the initial prediction. In this way, 

the model can further compensate for systematic biases based on the original TCN-BiGRU prediction 

results, especially improving prediction performance during medium-to-high pollution and drastic 

fluctuation phases. Therefore, the residual state transition heatmap not only verifies the rationality of 

Markov residual correction but also explains the reason for the improved prediction performance of 

the complete model at a mechanistic level. 

5. Conclusion 

This paper addresses the problems in AQI forecasting, such as strong nonlinearity, significant 

nonstationarity, difficulty in capturing sudden fluctuations, and insufficient utilization of residual 

structure. A hybrid forecasting model, CEEMDAN-KPCA-TCN-BiGRU-AMRC, is proposed. First, 

the model utilizes adaptive noise-complete ensemble empirical mode decomposition to perform 

multi-scale decomposition of the original AQI sequence, splitting the complex sequence into intrinsic 

mode components and residual trend terms at different frequency scales to reduce the interference of 

sequence nonstationarity on the forecasting process. Then, kernel principal component analysis is 

used to extract nonlinear features from pollutants and meteorological variables, reducing input 

variable redundancy and enhancing the expressive power of key features. Based on this, a deep time-

series forecasting model is constructed using a temporal convolutional network and a bidirectional 

gated recurrent unit, simultaneously learning local fluctuation characteristics and long-term 

136



dependencies to obtain initial forecast results. Finally, an adaptive Markov residual correction 

mechanism is introduced to model the state transition law of the forecast residuals and dynamically 

compensate for the initial forecast results, thus forming a complete AQI forecasting framework. 

Experimental results show that the proposed CEEMDAN-KPCA-TCN-BiGRU-AMRC model 

outperforms other single models and various combined improved models in prediction performance. 

Compared with single deep learning models, the proposed model can better characterize the overall 

trend of AQI series changes and exhibits stronger tracking ability in medium-to-high pollution ranges, 

local peak stages, and periods of severe fluctuations. The prediction result comparison chart shows 

that the prediction curve of the complete model is closer to the true value, and the error shadowing 

interval is significantly reduced. The residual kernel density estimation chart shows that after adaptive 

Markov residual correction, the residual distribution is more concentrated near zero error, and the tail 

is significantly shortened. Residual autocorrelation function analysis further illustrates that the 

temporal correlation of the corrected residuals is weakened. The residual state transition heatmap 

verifies the existence of exploitable state transition patterns in the prediction residuals. These results 

collectively demonstrate that the proposed method not only reduces the overall prediction error but 

also improves the stability and reliability of the model prediction from the residual structure level. 

Overall, the hybrid prediction model constructed in this paper effectively improves the accuracy 

of AQI prediction and provides a feasible method for time series prediction in complex environments. 

However, this study still has some limitations. For example, the data sources are mainly concentrated 

in a single region, and more external factors such as regional pollution transport, emission inventories, 

and spatially adjacent sites have not been fully considered. Furthermore, the adaptive Markov residual 

correction is still a post-processing correction method and has not yet been integrated with the deep 

prediction model for end-to-end joint training. Future research could further integrate heterogeneous 

data from multiple cities, sites, and sources, and attempt to introduce Transformer structures or end-

to-end residual correction mechanisms to further improve the model's generalization ability and 

practical application value in complex pollution scenarios. 
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