
Article

Visibility Prediction and Diagnostic Interpretation Based on
Comparative Modelling for Sustainable Urban Environmental
Management: A Chengdu Study from November 2021 to
October 2024

Bin Hu *, Haiming Fan *, Yushuai Wei , Shangqing Zhang  and Hongyi Zhao 1, 2, 1 2,3 1

1
School of Earth Sciences and Resources, China University of Geosciences, Beijing 100083, China

2
Shanxi Province Key Laboratory of Metallogeny and Assessment of Strategic Mineral Resources,

Taiyuan 030006, China

3
College of Geoscience and Surveying Engineering, China University of Mining and Technology,

Beijing 100083, China

* Correspondence: bhu@cugb.edu.cn (B.H.); fanhming@aliyun.com (H.F.)

Abstract

Reliable visibility forecasting is important for transportation safety and sustainable ur‐

ban environmental management, particularly in the Sichuan Basin, where poor visibility

remains a persistent concern. This study developed a comparative diagnostic framework

for one-day-ahead prediction of continuous daily visibility in Chengdu using meteoro‐

logical and air-quality observations from November 2021 to October 2024. Grey rela‐

tional analysis and temporal diagnostics were used to characterize variable associations

and temporal dependence. Seven methods—seasonal autoregressive integrated moving

average with exogenous variables (SARIMAX), CatBoost, long short-term memory

(LSTM), Transformer, convolutional neural network–LSTM (CNN–LSTM), CNN–

Transformer, and Transformer–LSTM—were evaluated under four input configurations,

yielding 28 model–input combinations. SARIMAX achieved the best overall balance be‐

tween predictive accuracy and generalization stability. CatBoost was the most accurate

data-driven method and obtained the highest coefficient of determination (R  = 0.644)

under meteorological-only inputs. Meteorological-only inputs outperformed pollutant-

only and full multivariate inputs for all models. Among the deep-learning models,

LSTM performed better under univariate, meteorological-only, and pollutant-only in‐

puts, whereas Transformer benefited more from the full multivariate input. CNN pre‐

processing improved LSTM mainly under the full multivariate and pollutant-only con‐

figurations. The moderate maximum R  suggests that routine observations did not fully

capture aerosol composition, particle number and size distributions, hygroscopic

growth, aerosol–water interactions, and fog-related processes. These findings support

model and input selection for daily visibility forecasting.
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1. Introduction

Atmospheric visibility is an important indicator of atmospheric transparency and

near-surface environmental conditions. Low visibility can strongly affect road traffic,

aviation, shipping, urban operation, and public safety, and is also closely related to air
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quality degradation and public perception of atmospheric pollution [1–4]. However, visi‐

bility prediction remains challenging because visibility is jointly influenced by meteoro‐

logical conditions, pollutant concentrations, aerosol-related properties, and local atmo‐

spheric processes, such as relative humidity, temperature, wind conditions, precipita‐

tion, particulate matter with aerodynamic diameters of 2.5 μm or less (PM ) and 10 μm

or less (PM ), boundary-layer conditions, and fog or cloud processes [2,3,5–7]. Many of

these factors and processes cannot be fully represented by routine meteorological and

air-quality observations alone [7]. Therefore, visibility should be regarded as an inte‐

grated atmospheric variable, and its prediction is a complex nonlinear environmental

time-series problem.

2.5

10

The Sichuan Basin has long experienced persistently poor visibility, making reliable

visibility prediction particularly important despite recent improvements under air-pollu‐

tion-control measures [8,9]. The relatively poor visibility of the Sichuan Basin has com‐

monly been associated with its enclosed topography, humid climate, and unfavorable at‐

mospheric ventilation, which facilitate the accumulation of moisture and air pollutants

[10,11]. Within this regional setting, Chengdu represents a particularly policy-relevant

case because it is the provincial capital and a major metropolitan and transportation cen‐

ter in western China, with officially designated international aviation- and comprehen‐

sive-transportation-hub functions [12]. Accurate visibility forecasting in Chengdu there‐

fore has direct relevance to urban mobility, airport and road safety, and sustainable envi‐

ronmental management, providing the regional and practical motivation for selecting

the city as the study area.

Visibility forecasting methods can be generally grouped into physically based nu‐

merical models, traditional empirical or statistical models, machine-learning and deep-

learning models, and remote-sensing or multisource-data-based approaches [4,7].

Physically based numerical models, such as numerical weather prediction and atmo‐

spheric chemistry models, estimate visibility by representing meteorological fields, pol‐

lutant transport, aerosol processes, and related physical or chemical mechanisms

[7,13,14]. These models have clear physical foundations and are useful for forecasting

applications, but their performance can be affected by uncertainties in initial conditions,

model resolution, emission inventories, and parameterization schemes [13,14]. Among

these physically based numerical approaches, deterministic fog models further simulate

fog formation, development, and dissipation by coupling atmospheric dynamics, radia‐

tion, cloud microphysics, and chemical processes. Some models incorporate multiphase

chemistry, trace gases, aerosol particle activation and interactions, and aerosol–water in‐

teractions. These processes affect aerosol hygroscopic growth, fog-droplet formation, liq‐

uid water content, particle and droplet size, and light extinction, thereby linking air pol‐

lution, fog processes, and visibility [13–16]. However, such models require detailed in‐

formation on aerosol chemical composition, particle number and size distributions, trace

gases, emissions, and fog microphysics, which is often unavailable in routine monitoring

datasets.

Traditional empirical and statistical methods, including regression-based models,

model output statistics, and time-series models, are relatively simple and interpretable.

However, because they often rely on predefined or simplified relationships, they may

have limited ability to capture nonlinear interactions and complex temporal dependence

in visibility variation [4]. Statistical post-processing has also been used to improve visi‐

bility forecasts derived from numerical models. For example, Chmielecki and Raftery

[17] applied Bayesian model averaging to produce probabilistic visibility forecasts using

ensemble forecasts and related meteorological variables.

With the increasing availability of environmental observations and computational
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tools, data-driven methods have been widely used for visibility forecasting. Early stud‐

ies applied neural networks as nonlinear post-processors of surface observations and nu‐

merical-model outputs for ceiling and visibility forecasting [18]. Machine-learning meth‐

ods, such as support vector machines, random forests, gradient boosting models, and

other tree-based algorithms, have improved the ability to capture nonlinear relation‐

ships between visibility and meteorological or pollutant variables [2,5]. For example, Yu

et al. [2] developed a machine-learning-based fusion model using multisource informa‐

tion, Zhang et al. [5] compared several machine-learning algorithms for visibility predic‐

tion, and Zhen et al. [19] combined Extreme Gradient Boosting (XGBoost) and Light

Gradient Boosting Machine (LightGBM) through a stacking strategy. These studies illus‐

trate the development of data-driven visibility forecasting from individual nonlinear al‐

gorithms toward ensemble and multisource fusion approaches. Deep-learning models,

including recurrent neural networks, long short-term memory (LSTM) networks, gated

recurrent units (GRUs), convolutional neural networks (CNNs), Transformer-based

models, and hybrid architectures, further extend data-driven forecasting capabilities by

learning temporal patterns and complex feature representations from sequential data

[1,3,6,20].

In addition, remote sensing, image-based observations, numerical model outputs,

and multisource fusion strategies have been introduced to provide richer information for

visibility estimation and forecasting. For example, Babari et al. [21] developed a model-

driven method to estimate atmospheric visibility using ordinary cameras, while

Palvanov and Cho [6] used deep CNNs to extract visibility-related information from im‐

ages. Yu et al. [2] further combined observations and numerical-model information in a

machine-learning fusion framework. These approaches expand the information available

beyond conventional station-based meteorological and air-quality observations [2,6,21].

Overall, the development of visibility forecasting methods has followed a general

trend from physically based simulation and simple statistical relationships toward non‐

linear, data-driven, and multisource modelling frameworks [4,7]. However, these ap‐

proaches are complementary rather than mutually exclusive because physically based

models describe atmospheric processes, whereas data-driven models identify predictive

relationships from available observations.

Previous studies have substantially advanced visibility forecasting by developing

machine-learning, deep-learning, hybrid, and fusion models and by incorporating richer

meteorological, air-quality, remote-sensing, and spatial information [1–6,19,20,22–24].

Model comparison in these studies has mainly been used to improve prediction accu‐

racy, identify the best-performing model, or demonstrate the advantages of a newly pro‐

posed framework [4,5,23]. Although such comparisons are valuable for operational fore‐

casting, they provide limited insight into why different model classes perform differ‐

ently on the same task or why the same model responds differently to alternative input-

variable structures. Prediction performance depends not only on the sophistication of

the forecasting algorithm, but also on how well the model architecture matches the in‐

formation and temporal structures of the input data [23,25–27].

Historical visibility may contain persistence information inherited from previous

meteorological, pollution, and optical conditions [1,20,26], whereas meteorological and

pollutant covariates provide additional explanatory information [2,5]. However, addi‐

tional variables may also introduce redundancy, collinearity, or noise [25], while tempo‐

ral characteristics such as non-stationarity and short-term dependence may be captured

differently by statistical, machine-learning, and deep-learning models [4,26].

Nevertheless, relatively few studies have jointly examined model architecture, input-

variable composition, and temporal structure within a unified diagnostic framework [4].
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2. Data and Methods

2.1. Study Area and Data Sources

Consequently, it remains unclear whether visibility predictability primarily originates

from historical visibility persistence, meteorological or pollutant covariates, or the ability

of particular model architectures to extract useful signals from complex and potentially

redundant inputs.

To address this limitation, this study develops a comparative and diagnostic frame‐

work for one-day-ahead prediction of continuous daily visibility. Variable association

analysis and temporal-structure diagnostics are first used to characterize the information

contained in the candidate predictors. Statistical, machine-learning, deep-learning, and

hybrid deep-learning models are then compared under four input configurations: histor‐

ical visibility alone, all covariates, meteorological covariates only, and pollutant covari‐

ates only. This framework is used not only to diagnose how model architecture, input

composition, and temporal structure jointly affect prediction performance, but also to

evaluate the relative predictive contributions of historical persistence, meteorological

conditions, and pollutant information. By linking these differences to the atmospheric

processes governing visibility, the study provides process-oriented interpretation and

practical implications for model and input selection in daily visibility forecasting and

sustainable urban environmental management. The resulting one-day-ahead daily visi‐

bility forecasts may provide advance information for identifying potential low-visibility

conditions and support preliminary operational planning, precautionary advisories, and

risk-informed decision-making by airport, road-traffic, and urban environmental man‐

agement authorities in Chengdu.

The study area is located in Chengdu, Sichuan Province, China. The Shuangliu me‐

teorological station (No. 56294099999) and three surrounding air-quality monitoring sta‐

tions were included in this study, as shown in Figure 1. The Shuangliu station was se‐

lected partly because Shuangliu hosts Chengdu Shuangliu International Airport, where

reliable visibility monitoring and forecasting are particularly important for aviation op‐

erations and safety. The study period extended from 1 November 2021 to 31 October

2024, covering three full years and all four seasons.

The dataset used in this study consists of meteorological variables and air quality

variables. The meteorological variables include dew point temperature (DPT), maximum

temperature (T ), minimum temperature (T ), sea-level pressure (SLP), visibility

(VIS), wind speed (WS), maximum wind speed (WS ), relative humidity (RH), and

precipitation (PREC). The meteorological data were obtained from the Global Surface

Summary of the Day (GSOD) archive, which is provided by the National Centers for

Environmental Information (NCEI) of the National Oceanic and Atmospheric

Administration (NOAA) (available at: https://www.ncei.noaa.gov/data/global-summary-

of-the-day/archive/ (accessed on 1 May 2026)). The air quality data were obtained from

the China National Urban Air Quality Real-time Publishing Platform, which is operated

by the China National Environmental Monitoring Centre (CNEMC) (available at: https://

air.cnemc.cn:18007/ (accessed on 1 May 2026)).

Max Min

Max

Because visibility was observed at the meteorological station and served as the tar‐

get variable, the meteorological station was used as the prediction unit. The surrounding

air quality monitoring stations were matched to the meteorological station based on

proximity, and the air quality variables were then calculated as the arithmetic mean

across the matched air quality monitoring stations.
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2.2. Descriptive Statistics

Figure 1. Study area and distribution of stations.

Descriptive statistics were calculated for 15 variables, including the target variable

and 14 meteorological and air-quality covariates as presented in Section 2.1. The descrip‐

tive statistics are summarized in Table 1, including the mean, minimum (Min), maxi‐

mum (Max), standard deviation (SD), and coefficient of variation (CV), where CV  SD

 Mean  100  .

=   (

/ )   × %

Table 1. Descriptive statistics of variables.

Variable Unit Mean Min~Max
Standard Deviation

(SD)

Coefficient Variance

(CV)

DPT °C 13.06 −9.60~25.30 7.42 56.85%

TMax °C 22.84 3.00~41.00 8.78 38.44%

TMin °C 15.19 −2.00~32.00 7.70 50.67%

SLP hPa 1059.53 1056.20~1063.20 1.67 0.16%

VIS km 8.38 1.30~10.00 1.91 22.78%

WS m/s 2.01 0.31~7.56 0.76 37.86%

WSMax m/s 4.04 0.98~11.99 1.66 41.14%

PREC mm 4.43 0.05~44.06 6.95 156.72%

RH % 69.75 32.88~94.55 11.44 16.40%

CO mg/m3 0.72 0.25~2.15 0.26 35.86%

NO2 μg/m
3

27.09 5.47~71.43 11.53 42.55%

O3 μg/m3 67.97 7.26~153.00 25.96 38.20%

PM2.5 μg/m3 29.56 4.50~185.56 23.23 78.56%

PM10 μg/m
3

71.78 13.04~810.79 66.87 93.16%

SO2 μg/m3 12.26 3.93~35.66 4.67 38.06%

Note: DPT: dew point temperature; SLP: sea-level pressure; VIS: visibility; WS: wind speed;

WS : maximum wind speed; T : maximum temperature; T : minimum temperature; PRE:

precipitation; RH: relative humidity. For all variables except precipitation, n = 1089. For precipita‐

tion, only rainy records with PRE > 0 were included in the descriptive statistics (n = 466).

Max Max Min
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2.3. Grey Relation

As shown in Table 1, visibility (VIS) had a mean of 8.38 km, ranging from 1.30–10.00

km with an SD of 1.91 km and a CV of 22.78%, indicating moderate variability.

Among meteorological covariates, DPT showed relatively high variability (CV =

56.85%), followed by T  (50.67%). T , WS, and WS  exhibited moderate variability,

whereas SLP was highly stable, with a CV of only 0.16%. Relative humidity showed

comparatively low variability. Precipitation (PREC), calculated only for rainy days (n =

466), exhibited the highest variability, with a mean of 4.43 mm, a range of 0.05–44.06 mm,

and a CV of 156.72%.

Min Max Max

Among the air pollutants, PM  and PM  showed substantial variability, with

mean concentrations of 71.78 μg/m  and 29.56 μg/m  and CV values of 93.16% and

78.56%, respectively. The mean concentrations of O , NO , and SO  were 67.97 μg/m ,

27.09 μg/m , and 12.26 μg/m , respectively. CO had a mean concentration of 0.72 mg/m

and showed the lowest relative variability among the measured pollutants, with a CV of

35.86%.

10 2.5

3 3

3 2 2
3

3 3 3

Grey relational analysis (GRA), first proposed within grey system theory by Deng

[28], was used to quantify the association between the target variable and the candidate

explanatory variables. In GRA, the target variable is defined as the reference sequence,

and each candidate explanatory variable is defined as a comparative sequence. The grey

relational grade measures the similarity in normalized variation patterns between the

reference and comparative sequences, with a larger value indicating a stronger

association.

Since these variables have different units and magnitudes, all sequences were first

normalized before calculating the grey relational coefficients [29]. The normalization was

performed as follows:

where  is the original value of the  -th sequence at the  -th observation, and 

is the normalized value.

x
​

(k) =
​

i
′

max (x
​

) −min (x
​

)i i

x
​

(k) −min (x
​

)i i
(1)

x
​

( k )i i k x
​

( k )
i
′

After normalization, the absolute difference between reference sequence and each

comparative sequence was calculated as:

where  represents the normalized value of reference, and  represents the nor‐

malized value of the  -th comparative sequence.

Δ
​

(k) = ∣x (k) −x
​

(k) ∣i 0

′

i
′ (2)

x
​

( k )
0

′ x
​

( k )
i
′

i

The grey relational coefficient was then calculated as:

where  and  are the minimum and maximum absolute differences among all

sequences and observations, respectively. The distinguishing coefficient  was set to 0.5.

ξ
​

(k) =
​

i Δ
​

(k) + ρΔ
​

i max

Δ
​

+ ρΔ
​

min max
(3)

Δ
​

min
Δ

​

max

ρ
Finally, the grey relational grade was obtained by averaging the grey relational coef‐

ficients across all observations:

γ
​

=
​ ​

ξ
​

(k)i n

1
∑ i
k = 1

n

(4)
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2.4. Temporal Stationarity and Dependence Diagnostics

2.4.1. Augmented Dickey–Fuller (ADF) Test

2.4.2. Ljung–Box Test

where  is the number of observations, and  represents the grey relational grade be‐

tween reference and the  -th comparative variable. A larger  indicates a stronger asso‐

ciation between the corresponding candidate explanatory variable and the target

variable.

n γ
​

i

i γ
​

i

Before model development, the temporal structure of all variables was evaluated us‐

ing a two-stage diagnostic procedure [30]. The Augmented Dickey–Fuller (ADF) test first

assessed stationarity and non-stationarity. The Ljung–Box test was then applied to sta‐

tionary series to determine whether they exhibited temporal dependence or were consis‐

tent with white noise.

The ADF test [31] was used to examine each series for a unit root. The regression

model is expressed as:

where  is the observation at time  ;  is the first-difference operator; α is the intercept;

 is the deterministic trend;  is the coefficient of the lagged level;  denotes the coeffi‐

cients of the lagged first differences;  is the lag order; and ε  is a white-noise error term.

Δy
​

= α + βt + γy
​

+
​

δ
​

Δy
​

+ϵ
​

t t − 1 ∑ i t − i t
i = 1

k

(5)

y
​

t
t Δ

βt γ δ
​

i

k t

The null hypothesis  indicates a unit root and non-stationarity, whereas the

alternative hypothesis  indicates stationarity. At a significance level of 0.05, se‐

ries with p ≤ 0.05 were classified as stationary; otherwise, they were classified as non-

stationary.

H
​

:   γ = 0
0

H
​

:   γ < 0
1

The ADF test was applied to all variables. Variables classified as stationary were

subsequently evaluated using the Ljung–Box test.

For each stationary series, the Ljung–Box test [32] was used to assess short-term au‐

tocorrelation within the selected lag range.

The Ljung–Box statistic is defined as:

where  is the sample size,  is the maximum lag considered, and  is the sample au‐

tocorrelation at lag  .

Q (m) = n (n + 2)
​ ​

∑
n − k

​

ρk

2

k = 1

m

(6)

n m
​

ₖρ

k

The null hypothesis  indicates no autocorrelation up

to lag  and is consistent with white noise. At a significance level of 0.05,  indi‐

cates significant short-term temporal dependence; otherwise, the series is considered

consistent with white noise.

H
​

:   ρ
​

  =   ρ
​

  =   · · ·   =   ρₘ   =   0
0 1 2

m p ≤ 0.05
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2.5. Time Series Analysis Methods

2.5.1. SARIMAX

2.5.2. CatBoost

Autoregressive Integrated Moving Average (ARIMA) models, developed within the

Box–Jenkins framework, are widely used for time series forecasting by capturing tempo‐

ral dependence in a target variable based on its historical observations [26,33,34].

Seasonal Autoregressive ARIMA (SARIMA) extends ARIMA framework by incorporat‐

ing fixed-period components, referred to as seasonal components in standard time-series

terminology, whereas ARIMAX incorporates exogenous explanatory variables through a

regression model with ARIMA errors [26,33,35]. SARIMAX combines these two exten‐

sions, enabling the model to account simultaneously for temporal dependence, fixed-pe‐

riod patterns, and covariate effects [36].

The SARIMAX model can be expressed as:

where  denotes the target variable to be predicted at time  ;  denotes the vector of ex‐

ogenous explanatory variables at time  ;  is the corresponding vector of regression co‐

efficients; and  represents the linear contribution of the exogenous variables. The

term  represents the residual component after removing the effects of the exogenous

variables, and  is the random error term, which is assumed to follow a white-noise

process.  is the backshift operator, defined as  .

​

⎩⎪
⎨
⎪⎧

​y
​

=β x

​

+u
​

t
T

t t

Φ
​

(B )ϕ
​

(B ) ( 1 −B) ( 1 −B ) u
​

=Θ
​

(B )θ
​

(B )ε
​

P
s

p
d s D

t Q
s

q t

(7)

y
​

t t x
​

t

t β

β x

​T
t

u
​

t

ε
​

t

B By
​

=y
​

t t − 1

In Equation (7),  ,  , and  denote the orders of the non-seasonal autoregressive,

differencing, and moving-average components, respectively, while  ,  , and  denote

the corresponding seasonal orders. The parameter  represents the seasonal period.

Furthermore,  ,  ,  , and  denote the non-seasonal autoregres‐

sive polynomial, non-seasonal moving-average polynomial, seasonal autoregressive

polynomial, and seasonal moving-average polynomial, respectively. The terms 

and  represent the non-seasonal and seasonal differencing operators,

respectively.

p d q

P D Q

s

ϕ
​

(B)p θ
​

(B)q Φ
​

(B )P
s Θ

​

(B )Q
s

(1 −B)
d

(1 −B )s
D

CatBoost (python 3.11.2) is a gradient boosting decision-tree algorithm that builds

an additive ensemble of regression trees to approximate complex nonlinear relationships

between predictors and a target variable [37,38]. Compared with conventional gradient

boosting methods, CatBoost adopts ordered boosting and symmetric tree structures,

which help reduce prediction shift and improve model stability.

Although CatBoost is not a native sequential model, it can be applied to time-series

forecasting by transforming temporal observations into a supervised-learning format.

CatBoost has also recently been applied to air-quality analysis to capture nonlinear rela‐

tionships and interactions among meteorological and pollutant variables [39]. Let  de‐

note the target variable at time  , and let  denote the vector of covariates. The com‐

y
​

t

t x
​

t
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2.5.3. Long Short-Term Memory (LSTM)

bined feature vector at time  can be written as:t

z
​

=[y
​

,x
​

]t t t
T

T

(8)

Given a look-back window of length  , the lagged input vector is constructed as:L

Z
​

=[z
​

,z
​

,… ,z
​

]
t

(L)

t
T

t − 1
T

t −L + 1

T
T

(9)

The one-step-ahead prediction is then expressed as:

where  denotes the CatBoost regression function. The additive boosting structure

can be written as:

where  is the final ensemble model after  boosting iterations,  is the initial predic‐

tion,  is the learning rate, and  denotes the regression tree added at iteration  .

Through iterative residual fitting, CatBoost captures nonlinear effects and interactions

among lagged target values and covariates.

​ ​

=F (Z )yt + 1 t

(L)
(10)

F (⋅)

F
​

(Z) =F
​

(Z) + η
​

f
​

(Z)M 0
∑ m

m = 1

M

(11)

F
​

M M F
​

0

η f
​

(⋅)m m

Long Short-Term Memory (LSTM) networks are recurrent neural networks designed

to model sequential dependencies and long-term memory in time-series data [40,41]. By

using input, forget, and output gates, LSTM selectively updates its memory state and al‐

leviates the vanishing-gradient problem encountered in conventional recurrent neural

networks. This makes LSTM suitable for forecasting tasks in which the future target

value is influenced by historical observations and time-varying covariates. LSTM-based

models have also been widely used in environmental and air-quality forecasting, where

temporal persistence and delayed effects are important [42].

In the modelling framework, a fixed look-back sequence containing historical values

of the target variable and associated covariates is used as the model input. The LSTM

layer learns temporal dependencies from this sequence, and the learned representation

is passed to a dense output layer to generate the next-step prediction. Figure 2 illustrates

the structure of the LSTM model.

Atmosphere 2026, 17, 765 9 of 23

https://doi.org/10.3390/atmos17080765

https://doi.org/10.3390/atmos17080765


2.5.4. Transformer

2.5.5. CNN-LSTM

Figure 2. The architecture of the LSTM model [].

The Transformer is a deep learning model based on the self-attention mechanism.

Unlike recurrent models, it processes the whole input sequence in parallel and uses at‐

tention weights to identify important time steps. This allows the model to capture long-

range temporal dependencies more efficiently [43]. Transformer-based models have in‐

creasingly been applied to environmental time-series forecasting because they can repre‐

sent complex temporal interactions between the target variable and covariates [30,42].

In the modelling framework, the input sequence is first embedded and combined

with positional information to preserve temporal order. The multi-head attention mod‐

ule then learns relationships among different time steps, while the feed-forward layers

transform the attention-based representation into the final predictive output.

Figure 3 presents the overall Transformer structure.

Figure 3. The architecture of the Transformer model [42].

CNN–LSTM is a hybrid architecture that combines convolutional neural networks

(CNNs) and LSTM networks for sequential modelling [40,42,44]. The CNN component is

used to extract short-term local patterns from the input sequence, while the LSTM com‐

ponent learns temporal dependencies from the extracted features. This combination is

useful for time-series forecasting because local fluctuations and sequential dependence

can be modelled within the same framework.

In the modelling framework, convolutional layers first operate on the look-back se‐

quence to identify local temporal patterns and interactions among covariates. The ex‐

tracted feature maps are then passed to the LSTM layer, which captures sequential conti‐
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2.5.6. CNN–Transformer

nuity and produces a compact temporal representation for the final prediction.

Figure 4 shows the framework of the CNN–LSTM model.

Figure 4. The architecture of the CNN-LSTM model [42].

CNN–Transformer combines the local feature extraction ability of CNNs with the

global dependency modelling capacity of Transformer networks [42,43]. The CNN mod‐

ule can identify localized temporal patterns and covariate interactions in the input se‐

quence, whereas the Transformer module uses self-attention to learn long-range depen‐

dencies across the sequence [43]. This hybrid design is suitable for complex time-series

forecasting tasks in which both short-term fluctuations and long-term temporal relation‐

ships may contribute to the predicted target value [42].

In the modelling framework, the CNN module first transforms the look-back se‐

quence into higher-level local features. These features are then fed into the Transformer

module, where attention weights are used to emphasize informative time steps and

global sequence relationships. Figure 5 presents the architecture of the CNN–

Transformer model.

Figure 5. The architecture of the CNN–Transformer.
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2.5.7. Transformer–LSTM

2.6. Evaluation Metrics

2.6.1. R-Square (R )

Transformer–LSTM is a hybrid model that integrates the attention-based feature ex‐

traction capacity of the Transformer with the sequential memory mechanism of LSTM

[40,42,43]. The Transformer component is designed to capture global temporal relation‐

ships and identify important time steps through self-attention, whereas the LSTM com‐

ponent further model sequential continuity in the learned features.

In the modelling framework, the input sequence is first processed by the

Transformer module to obtain attention-based temporal representations. These represen‐

tations are then passed to the LSTM layer, which summarizes the sequential information

and produces the final predictive representation. This design allows the model to com‐

bine global attention with recurrent memory for next-step time-series forecasting.

Figure 6 shows the architecture of the Transformer–LSTM model.

Figure 6. The architecture of the Transformer–LSTM model [38].

The prediction performance of different models was evaluated using three com‐

monly used metrics: coefficient of determination (R ), root mean square error (RMSE),

and mean absolute error (MAE) [30,39,45–47].

2

2

R  measures the proportion of variance in observed visibility explained by the

model. It is defined as:
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2.6.2. Root Mean Square Error (RMSE) and RMSE%

2.6.3. Mean Absolute Error (MAE) and MAE%

3. Results

3.1. Grey Relations Between Covariates and Visibility

where  is the observed visibility, ŷ  is the predicted visibility,  is the mean of observed

visibility, and n is the number of observations. A higher R  indicates stronger explana‐

tory ability.

yi i

​

y
-

2

RMSE measures the average magnitude of prediction errors and gives larger errors

greater weight. It is defined as:

where  and n are as defined above. A lower RMSE indicates smaller prediction

error.
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RMSE% normalizes RMSE by the mean of actual values, expressed as percentages,

to account for varying  scales across scenarios. It is defined as:

where  is the mean of actual values, as defined above.

PM
​

2.5

RMSE%=100 ×RMSE /
​

y (14)
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MAE measures the average absolute difference between observed and predicted

values. It is defined as:
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Compared with RMSE, MAE is less sensitive to extreme errors and is easier to inter‐

pret. A lower MAE indicates better predictive accuracy.

MAE% normalizes MAE by the mean of actual values, expressed as percentages, to

account for varying  scales across scenarios. It is defined as:

where  is the mean of actual values.

PM
​

2.5

MAE%=100 ×MAE /
​

y (16)

​

= (1 /n)
​

y
​

y ∑
i = 1

n

i

Grey relational analysis (Section 2.3) was used to evaluate the associations between

visibility and the candidate covariates using the dataset from Shuangliu meteorological

station. In this analysis, visibility (VIS) was used as the reference sequence, while dew

point temperature (DPT), maximum temperature (T ), minimum temperature (T ),

relative humidity (RH), sea-level pressure (SLP), wind speed (WS), maximum wind

speed (WS ), precipitation (PREC), PM , PM , CO, NO , O , and SO  were used as

comparative sequences.

Max Min

Max 2.5 10 2 3 2

As shown in Table 2, the grey relational grades ranged from 0.411 to 0.728, indicat‐

ing varying degrees of association between the selected covariates and visibility. DPT

showed the highest grey relational grade with VIS (0.728), followed by T  (0.664), TMax Min
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3.2. Temporal Structure of Variables

(0.646), and RH (0.625). Furthermore, O , SLP, NO , and WS  all exhibited moderate

associations with visibility, with grey relational grades above 0.5. SO , CO, WS, PM ,

PM , and PRE still showed relatively notable associations, with grey relational grades

ranging between 0.4 and 0.5.

3 2 Max

2 2.5

10

Overall, the results indicate that these candidate variables exhibit meaningful asso‐

ciations with visibility, supporting their use as covariates in subsequent predictive

modeling.

Following the grey relational analysis in Section 3.1, the variables retained as candi‐

date predictors were further examined to diagnose their temporal structures before be‐

ing incorporated into the subsequent forecasting models. Specifically, the temporal struc‐

ture of each retained variable was evaluated using the two-stage diagnostic procedure

described in Section 2.4.

First, the ADF test was used to classify the variables as stationary or non-stationary,

as shown in Table 3. Non-stationary variables may contain persistent stochastic behavior.

Stationary variables were retained for further assessment of series dependence.

Second, the Ljung–Box test was applied to stationary variables identified by the

ADF test to determine whether those stationary variables exhibited significant short-

term dependence or behaved as white-noise processes, and the results are shown in

Table 4.

Table 3. ADF test results for all variables.

Variable ADF Statistic p-Value Stationarity

DPT −1.956 0.306 Non-stationary

SLP −2.041 0.269 Non-stationary

TMax −2.382 0.147 Non-stationary

TMin −1.822 0.369 Non-stationary

O3 −2.380 0.147 Non-stationary

PM2.5 −2.735 0.068
Non-stationary

(borderline)

VIS −4.037 0.0012 Stationary

WS −14.382 <0.001 Stationary

WSMax −4.781 <0.001 Stationary

PREC −4.622 <0.001 Stationary

RH −9.015 <0.001 Stationary

CO −3.375 0.011 Stationary

NO2 −3.441 0.0096 Stationary

PM10 −4.157 <0.001 Stationary

SO2 −4.312 <0.001 Stationary

At the 5% significance level, DPT, SLP, T , T , O , and PM  were classified as

non-stationary; PM  was borderline (p = 0.068). In contrast, VIS, WS, WS , PREC, RH,

Max Min 3 2.5

2.5 Max

Table 2. Grey relational grades between visibility and candidate covariates.

  DPT TMax TMin RH O3 SLP NO2 WSMax SO2 CO WS PM2.5 PM10 PREC

VIS 0.728 0.664 0.646 0.625 0.582 0.570 0.515 0.507 0.496 0.487 0.486 0.454 0.426 0.411
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3.3. Prediction Performances of Different Models

CO, NO , PM , and SO  were stationary and were therefore evaluated using the Ljung–

Box test.

2 10 2

Table 4. Ljung–Box test results for stationary variables.

Variable Q-Statistic p-Value
Temporal

Dependence

VIS 1879.87 <0.001 Significant

WS 301.10 <0.001 Significant

WSMax 185.54 <0.001 Significant

PREC 287.91 <0.001 Significant

RH 1056.42 <0.001 Significant

CO 2067.64 <0.001 Significant

NO2 1806.93 <0.001 Significant

PM10 649.00 <0.001 Significant

SO2 451.53 <0.001 Significant

For all stationary variables, the Ljung–Box test rejected the null hypothesis of no au‐

tocorrelation (all p < 0.001). Thus, none of the stationary series behaved as white noise;

instead, each exhibited significant short-term temporal dependence.

Overall, the two-stage analysis distinguished variables with non-stationary long-run

temporal structures from stationary variables characterized by significant short-term

dependence.

The temporal diagnostics in Section 3.2 showed that visibility and the candidate co‐

variates contained either persistent or significant short-term temporal structure.

Together with the grey relational results, these findings supported their use in the subse‐

quent forecasting experiments.

Seven forecasting methods were developed and compared representing different

modelling paradigms. SARIMAX was used as the statistical method; CatBoost repre‐

sented the machine-learning method; and LSTM, Transformer, CNN–LSTM, CNN–

Transformer, and Transformer–LSTM represented deep-learning or hybrid deep-learn‐

ing methods.

Model development followed a chronological design. The first two study years were

used for training and model selection, and the third year was retained as an independent

test set. All models used a fixed seven-day look-back window for one-day-ahead fore‐

casting. For the deep-learning models, the last 15% of the training sequences was used

for time-ordered validation, and training employed the AdamW optimizer, mean

squared error loss, a batch size of 16, a maximum of 300 epochs, and early stopping.

The basic framework of each deep-learning model was kept unchanged across the

four input configurations, while the hyperparameter settings were adjusted according to

input dimensionality and validation performance. The main differences in hyperparam‐

eter settings occurred between the univariate and full multivariate configurations,

whereas the meteorological-only and pollutant-only configurations used the same set‐

tings for each model because their input dimensions were relatively similar. Early stop‐

ping was applied to all machine-learning and deep-learning models. For CatBoost, the

number of boosting iterations was determined using a time-ordered validation subset,

after which the model was refitted using the complete training period. SARIMAX speci‐

fications were selected according to the minimum corrected Akaike information criterion
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(AICc) calculated from the training data, using candidate models with and without a

fixed seven-day periodic component.

For each method, four input configurations were evaluated: a univariate configura‐

tion using only the historical time series of visibility, a full multivariate configuration us‐

ing all meteorological and air-pollutant covariates, a meteorological-only covariate con‐

figuration, and an air-pollutant-only covariate configuration. Therefore, a total of 28

model configurations were tested.

Model performance was evaluated using test-set R , RMSE%, and MAE%, together

with the test-to-training RMSE ratio. For both RMSE% and MAE%, normalization was

based on the mean observed visibility of the corresponding test set. Higher R  and lower

RMSE% and MAE% indicate better predictive performance. The test-to-training RMSE

ratio was used as an empirical indicator of the generalization gap and potential overfit‐

ting. A ratio of 0.90–1.10 was interpreted as a negligible generalization gap, 1.10–1.20 as a

mild gap, 1.20–1.50 as a noticeable gap, and values above 1.50 as a substantial gap.

2

2

Table 5 compares the univariate and full multivariate configurations, whereas

Table 6 compares the meteorological-only and pollutant-only configurations.

Under the full multivariate configuration (Table 5), SARIMAX achieved the highest

Table 5. Prediction performance under full multivariate and univariate input configurations.

Model

Multivariate Models with All Covariates Univariate Models with Only VIS

R2 RMSE% MAE%
Test-to-Training

RMSE Ratio
R2 RMSE% MAE%

Test-to-Training

RMSE Ratio

SARIMAX 0.621 14.700 11.400 1.050 0.598 15.200 10.900 0.950

CatBoost 0.610 14.900 11.000 1.190 0.599 15.200 11.200 1.060

LSTM 0.575 15.500 10.800 1.190 0.559 15.800 11.600 0.990

Transformer 0.601 15.100 10.900 1.090 0.522 16.500 12.100 1.010

CNN-

LSTM
0.596 15.200 11.200 1.090 0.539 16.200 11.900 1.010

Transformer–

LSTM
0.530 16.300 11.400 1.100 0.553 15.900 11.400 1.020

CNN–

Transformer
0.597 15.100 10.700 1.140 0.564 15.700 11.100 0.990

Table 6. Prediction performance under meteorological-only and pollutant-only input

configurations.

Model

Meteorological Covariates Only Pollutant Covariates Only

R2 RMSE% MAE%
Test-to-Training

RMSE Ratio
R2 RMSE% MAE%

Test-to-Training

RMSE Ratio

SARIMAX 0.635 14.500 11.100 0.970 0.573 15.700 11.500 1.010

CatBoost 0.644 14.300 10.300 1.090 0.562 15.900 11.600 1.160

LSTM 0.639 14.300 10.300 1.060 0.517 16.600 11.700 1.130

Transformer 0.630 14.500 10.300 1.010 0.332 19.500 14.000 1.060

CNN-LSTM 0.636 14.400 10.300 1.080 0.551 16.000 11.500 1.100

Transformer–

LSTM
0.584 15.400 10.200 0.940 0.260 20.500 15.900 1.030

CNN–

Transformer
0.623 14.600 10.300 1.060 0.382 18.700 13.400 1.050
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4. Discussion

4.1. Overall Robustness and Competitive Performance of SARIMAX

R  (0.621) and the lowest RMSE% (14.7%), while CatBoost ranked second in terms of R .

Under the univariate configuration, SARIMAX and CatBoost showed nearly identical

performance, with R  values of 0.598 and 0.599, respectively. The inclusion of all covari‐

ates improved predictive performance for six of the seven methods, with particularly

clear improvements for Transformer and CNN–LSTM. Transformer–LSTM was the only

method that did not benefit from the full multivariate input.

2 2

2

The test-to-training RMSE ratios ranged from 0.95 to 1.06 for the univariate models

and from 1.05 to 1.19 for the full multivariate models. All univariate models showed neg‐

ligible generalization gaps. Under the full multivariate configuration, mild gaps were

observed for CatBoost, LSTM, and CNN–Transformer, but none of the models exhibited

a noticeable or substantial generalization gap.

The meteorological-only configuration consistently outperformed the pollutant-

only configuration for all seven methods (Table 6). CatBoost achieved the highest overall

R2 of 0.644, followed closely by LSTM, CNN–LSTM, and SARIMAX. The test-to-training

RMSE ratios for the meteorological-only models ranged from 0.94 to 1.09, indicating that

the improvement in predictive accuracy was not accompanied by an evident increase in

the generalization gap.

Under the pollutant-only configuration, SARIMAX achieved the highest  and the

lowest RMSE%, followed by CatBoost and CNN–LSTM. The Transformer-based models

generally showed a larger reduction in predictive accuracy under this configuration.

Although mild generalization gaps were observed for CatBoost and LSTM, all test-to-

training RMSE ratios remained below 1.20.

R2

Across all 28 model–input combinations, the highest R  was obtained by CatBoost

under the meteorological-only configuration. The meteorological-only input produced

the highest R  for every method. Overall, SARIMAX provided the most consistent bal‐

ance between predictive accuracy and generalization stability across the four configura‐

tions, whereas CatBoost was the most accurate machine-learning or deep-learning

method. None of the evaluated model–input combinations exhibited a noticeable or sub‐

stantial generalization gap according to the test-to-training RMSE ratio.

2

2

Across the four input configurations, SARIMAX achieved the best overall balance

between predictive accuracy and generalization stability. Although some machine-learn‐

ing or deep-learning models marginally outperformed SARIMAX in an individual met‐

ric under specific configurations, such as a slightly higher R  or a lower MAE%, these

advantages were not consistently maintained across the different input settings. In con‐

trast, SARIMAX remained highly competitive in predictive accuracy under all four con‐

figurations and consistently exhibited a small test-to-training RMSE ratio.

2

The strong overall performance of SARIMAX can be explained by the close corre‐

spondence between its model structure and the temporal characteristics of daily visibil‐

ity. The stationarity and significant short-term autocorrelation of visibility indicate that

recent observations contain substantial information for one-day-ahead forecasting.

SARIMAX explicitly represents this temporal persistence through autoregressive and

moving-average components, while its exogenous-variable component enables meteoro‐

logical and pollutant information to be incorporated without requiring a highly parame‐

terized nonlinear structure. This combination allows the model to use both the historical

dependence of visibility and the additional information supplied by the covariates.

By comparison, the machine-learning and deep-learning models needed to learn

temporal dependence, nonlinear relationships, and variable relevance simultaneously
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4.2. Interpretation and Implications of the Moderate R  and Low Prediction Error

from a relatively limited daily dataset. For one-day-ahead visibility prediction, their

greater model complexity did not provide a clear additional advantage because much of

the useful predictive information was already contained in the strong short-term depen‐

dence of visibility. These models may also have been more affected by noise and redun‐

dant covariates. Consequently, the machine-learning and deep-learning models did not

consistently outperform SARIMAX in this study.

This result is noteworthy because SARIMAX is a traditional statistical time-series

model, whereas the other methods are based on machine-learning, deep-learning, or hy‐

brid architectures. Its strong overall performance shows that greater model complexity

does not necessarily lead to better forecasting skill. The temporal structure of daily visi‐

bility was well matched by the autoregressive framework of SARIMAX, enabling it to

maintain both high predictive accuracy and stable generalization. By contrast, the

greater representational capacity of the more complex models did not consistently pro‐

vide additional benefits under the present data and forecasting conditions. Therefore,

forecasting methods should be selected according to the temporal characteristics and in‐

formation structure of the data, rather than on the assumption that more complex archi‐

tectures are inherently superior.

2

Although the evaluated models achieved generally acceptable error levels, the high‐

est R  was 0.644. This indicates that the available predictors captured a substantial pro‐

portion of daily visibility variation, while a considerable proportion remained unex‐

plained. The moderate R  should therefore be interpreted in relation to the information

represented by the input data rather than solely as a limitation of the modelling meth‐

ods. Routine meteorological variables and bulk pollutant concentrations provide useful

predictive signals, but they cannot fully describe all physical, chemical, and microphysi‐

cal processes affecting atmospheric visibility.

2

2

Visibility is influenced not only by meteorological conditions and total pollutant

mass concentrations, but also by aerosol optical properties, chemical composition, mix‐

ing state, hygroscopic growth, aerosol–water interactions, particle number and size dis‐

tributions, boundary-layer evolution, radiation, and fog and cloud microphysics

[7,13,14,48]. Bulk PM  and PM  concentrations cannot distinguish among aerosol com‐

ponents with different water-uptake and light-extinction properties. For example, am‐

monium sulfate, ammonium nitrate, and water-soluble organic matter may contribute

differently to visibility degradation, particularly under humid conditions [12,49,50].

Particle number concentration and size distribution can also affect aerosol extinction and

visibility [51]. The absence of these variables from the available daily datasets may partly

explain the remaining unexplained variation.

2.5 10

The coexistence of a moderate R  with relatively low RMSE% and MAE% is not con‐

tradictory. R  reflects the proportion of observed variability reproduced by a model,

whereas RMSE% and MAE% describe the average magnitude of prediction errors.

Historical visibility exhibited significant short-term temporal dependence and contained

integrated information from preceding meteorological, pollution, and optical conditions.

Consequently, the models could reproduce the general level and routine day-to-day vari‐

ation in visibility with relatively small errors, even though some irregular or abrupt vari‐

ations remained difficult to explain. Overall, the results indicate that daily visibility has

meaningful predictability, but further improvement will depend not only on model de‐

velopment but also on the inclusion of more informative atmospheric variables.

2

2

Furthermore, the relatively low prediction errors enhance the practical applicability

of the models by enabling reasonably accurate one-day-ahead predictions of continuous
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4.3. Predictive Contributions of Meteorological Versus Pollutant Covariates

4.4. Architecture-Dependent Performance of Machine-Learning and Deep-Learning Models

daily visibility. Such prediction information can help airport and road-traffic authorities

identify deteriorating visibility conditions in advance, assess the potential severity of

low-visibility events, make preliminary operational arrangements, and issue precaution‐

ary advisories. It can also support local environmental authorities in targeted monitor‐

ing, management-resource allocation, and timely risk-informed responses to adverse at‐

mospheric conditions. Although the framework does not directly improve air quality, it

may indirectly contribute to local environmental management by providing more timely

and specific decision-support information.

The ablation results showed that, for all models, the meteorological-only configura‐

tion consistently outperformed both the pollutant-only and even full multivariate config‐

urations, yielding higher R  and lower RMSE% and MAE%. This finding does not imply

that air pollutants are unimportant for visibility. Rather, it suggests that pollutant con‐

centrations alone provide incomplete information for predicting daily visibility.

2

Visibility degradation depends not only on aerosol loading but also on how meteo‐

rological conditions regulate its optical effects [48,52]. For example, at the same PM

concentration, high humidity can enhance aerosol hygroscopic growth and light extinc‐

tion, whereas drier conditions may produce a weaker visibility reduction. Wind and pre‐

cipitation also influence pollutant dispersion and removal. Meteorological variables

therefore provide essential contextual information for relating pollutant concentrations

to visibility.

2.5

Moreover, bulk PM  and PM  concentrations do not fully represent aerosol chem‐

ical composition, hygroscopicity, particle properties, or light-extinction efficiency.

Specific components, including ammonium sulfate, ammonium nitrate, and water-solu‐

ble organic matter, may contribute differently to aerosol water uptake and visibility im‐

pairment [49,50]. The superior performance of the meteorological-only configuration

therefore suggests that the available meteorological variables provided more directly us‐

able predictive information in this dataset, rather than that meteorology is inherently

more important than aerosol pollution. Part of the information provided by pollutant

concentrations may also overlap with that already contained in recent visibility and me‐

teorological conditions, which may explain why adding all covariates did not consis‐

tently yield further improvements.

2.5 10

Among the machine-learning and deep-learning methods, CatBoost maintained

consistently competitive performance across all four input configurations. Its tree-based

boosting structure can capture nonlinear relationships and variable interactions while

prioritizing informative features, making it relatively adaptable to changes in input com‐

position [27,37,38].

The relative performance of LSTM and Transformer was strongly configuration de‐

pendent. LSTM performed better under the univariate, meteorological-only, and pollu‐

tant-only configurations, indicating that recurrent memory was well suited to short se‐

quences dominated by temporal persistence or coherent predictors [40,41]. Transformer

was slightly better under the full multivariate configuration, suggesting that attention

[43] became more useful when richer cross-variable and temporal information was avail‐

able. Thus, the advantage of attention was conditional rather than universal.

CNN feature extraction improved LSTM mainly under the full multivariate and pol‐

lutant-only configurations. In these settings, convolution may help organize local tempo‐

ral patterns, compress heterogeneous inputs, and reduce redundant information before
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5. Conclusions

recurrent modelling [42,44]. Its benefit was limited for univariate and meteorological-

only inputs, where the available signals were already relatively direct. CNN also pro‐

vided inconsistent gains when combined with Transformer, possibly because convolu‐

tion and attention partly overlapped in their feature-extraction functions.

When CNN and Transformer were used as front-end modules for LSTM, CNN–

LSTM generally performed better than Transformer–LSTM under the multivariate con‐

figurations. CNN supplied localized and compact features that complemented recurrent

memory, whereas attention-based feature mixing may have overlapped with the tempo‐

ral modelling of LSTM and increased optimization complexity. These findings do not

imply that one architecture is universally superior. Rather, model performance depends

on whether the architecture matches the input structure and whether the combined

modules provide complementary functions.

This study developed a comparative and diagnostic framework for daily visibility

prediction in Chengdu by integrating variable association analysis, temporal-structure

diagnostics, and multi-model comparisons under different input configurations.

The key findings are summarized as follows:

(1) SARIMAX achieved the best overall balance between forecast accuracy and general‐

ization across the four configurations. This result shows that model selection should

be based on temporal dependence and data structure rather than model complexity

alone.

(2) The moderate R  values suggest that unmeasured aerosol properties, boundary-

layer processes, and fog microphysics limited the explanatory power of the models.

However, the relatively low error metrics indicate that daily visibility remained rea‐

sonably predictable. These forecasts can support the early identification of deterio‐

rating visibility conditions and inform preliminary planning, precautionary advi‐

sories, and risk-informed decision-making by relevant authorities.

2

(3) Meteorological-only inputs consistently outperformed pollutant-only inputs, indi‐

cating that the meteorological variables provided more direct predictive informa‐

tion, whereas the effects of bulk pollutant concentrations were strongly regulated by

meteorological conditions and partly redundant with other inputs.

(4) CatBoost was the strongest data-driven model because its tree-based structure effec‐

tively captured nonlinear interactions and reduced the influence of redundant or

collinear covariates.
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