atmosphere

A

Article

Improvement in the Forecasting of Low Visibility over Guizhou

China, Based on a Multi-Variable Deep Learning Model

Dongpo He !, Yuetong Wang 2, Yuanzhi Tang (%, Dexuan Kong %*, Jing Yang "*, Wenyu Zhou !, Haishan Li 3

and Fen Wang *

check for
updates

Citation: He, D.; Wang, Y.; Tang, Y.;
Kong, D.; Yang, J.; Zhou, W.; Li, H.;
Wang, F. Improvement in the
Forecasting of Low Visibility over
Guizhou, China, Based on a
Multi-Variable Deep Learning Model.
Atmosphere 2024, 15, 752. https://
doi.org/10.3390/atmos15070752

Academic Editor: Leonardo

Primavera

Received: 10 May 2024
Revised: 18 June 2024
Accepted: 20 June 2024
Published: 24 June 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

Meteorological Observator of Guizhou Provincial, Guizhou Provincial Meteorological Administration,
Guiyang 550002, China; 18585088276@163.com (D.H.); tangyuanzhi666@163.com (Y.T.);
zwyzdh520@163.com (W.Z.)

Guizhou Climate Center, Guizhou Provincial Meteorological Administration, Guiyang 550002, China;
wangyuetongwyt@126.com

Guizhou Mountainous Meteorological Science Research Institute, Guiyang 550002, China;
lihaishan@mail.iap.ac.cn

Meteorological Bureau of Qianxinan Prefecture, Guiyang 550002, China; wfen1080@163.com

*  Correspondence: 15685898128@163.com (D.K.); sunyjing_yj@sohu.com (J.Y.)

Abstract: High-quality visibility forecasting benefits traffic transportation safety, public services, and
tourism. For a more accurate forecast of the visibility in the Guizhou region of China, we constructed
several visibility forecasting models via progressive refinements in different compositions of input
observational variables and the adoption of the Unet architecture to perform hourly visibility forecasts
with lead times ranging from 0 to 72 h over Guizhou, China. Three Unet-based visibility forecasting
models were constructed according to different inputs of meteorological variables. The model training
via multiple observational variables and visibility forecasts of a high-spatiotemporal-resolution
numerical weather prediction model (China Meteorological Administration, Guangdong, CMA-GD)
produced a higher threat score (TS), which led to substantial improvements for different thresholds of
visibility compared to CMA-GD. However, the Unet-based models had a larger bias score (BS) than
the CMA-GD model. By introducing the U?net architecture, there was a further improvement in the
TS of the model by approximately a factor of two compared to the Unet model, along with a significant
reduction in the BS, which enhanced the stability of the model forecast. In particular, the U?net-based
model performed the best in terms of the TS below the visibility threshold of 200 m, with a more
than eightfold increase over the CMA-GD model. Furthermore, the U?net-based model had some
improvements in the TS, BS, and RMSE (root-mean-square error) compared to the LSTM_Attention
model. The spatial distribution of the TS showed that the U?net-based model performed better
at the model grid scale of 3 km than at the scale of individual weather stations. In summary, the
visibility forecasting model based on the U?net algorithm, multiple observational variables, and
visibility data from the CMA-GD model performed the best. The compositions of input observational
variables were the key factor in improving the deep learning model’s forecasting capability, and these
improvements could improve the value of forecasts and support the socioeconomic needs of sectors
reliant on visibility forecasting.

Keywords: deep learning; Unet; U?net; observational meteorological variables; low visibility

1. Introduction

Visibility measures the maximum horizontal distance at which a person with normal
eyesight can recognize the outline of a target [1], which is an important indicator that
reflects the atmosphere’s transparency and air quality. It is a conventional element in
meteorological observation. Low-visibility weather seriously affects the safe operation of
aviation, transportation, and power systems, and threatens human health because of its
association with undiluted pollutant particles and toxic impurities [2-5]. Accurate visibility
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forecasting can provide the public with better travel plans and effectively reduce property
losses and human casualties [6]. Therefore, improving the visibility forecasting capability
is a significant technical challenge for many weather forecasters and scholars.

The application of deep learning methods is becoming increasingly widespread across
various fields, including model design, data preprocessing, algorithm improvement, and
theoretical exploration [7-10]. Previous works have applied deep learning methods to
the field of visibility forecasting. For example, Tang et al. [11] used the SARIMA and
long short-term memory (LSTM) neural network models to predict visibility in China,
both of which performed well, and the prediction projected better visibility in China
in the future. Duddu et al. [12] developed a back-propagation neural network model
to predict fog or low-visibility weather, and the model showed a very high predictive
capability. Chaabani et al. [13] proposed a visibility distance prediction method based on
shallow neural networks. For airport visibility classification and the analysis of factors
affecting visibility, Liu et al. [14] proposed a deep ensemble model containing two popular
convolutional neural network (CNN) models and reported accuracy levels reaching 87.64%.
Ortega et al. [15] used the multi-layer perceptron (MLP), traditional CNN, fully CNN,
multi-input CNN, and LSTM models to forecast visibility.

The above studies have shown that deep learning methods can be successfully applied
in visibility forecasting. However, these models (i.e., LSTM, MLP, and CNN) cannot simul-
taneously provide good forecasts for the spatial and temporal variability of visibility. For
example, LSTM can suffer from the problem of gradient vanishing or explosion and has a
limited memory length [16]. Meanwhile, MLP and CNN are not proficient in processing time
series and cannot capture the temporal or spatial relationships between data points [17-19].

To better apply deep learning technology to visibility forecasting, Pelaez-Rodriguez
et al. [20] proposed and discussed different deep learning ensemble architectures for
low-visibility forecasting. They found that the ensemble models and meteorological-
based methods, which combined multiple deep learning architectures, achieved a better
forecasting accuracy than the individual deep learning models. For the forecasting of low-
visibility conditions, Peldez-Rodriguez et al. [21] proposed an iterative forward selection
algorithm based on evolutionary algorithms, which was applied to determine the optimal
variables and nodes in a region for each regressor model. Differential evolution and
particle swarm optimization have been used as optimization algorithms, producing an
improvement of up to 17.3% concerning the baseline databases. Ortega et al. [15] developed
deep learning models based on climate series data for single-step visibility forecasting.
Using data from two weather stations in Florida, USA, they developed, trained, and tested
five deep learning models. However, previous studies on visibility forecasting based on
deep learning mainly utilized meteorological data from stations or local video images.
Whilst these models have shown good applicability for visibility at a single station or in
a specific area where camera observations were available, they tended to be limited in
capturing the spatial distribution and visibility patterns across larger regional scales.

The Unet architecture has been widely applied in medical image segmentation [22-24]
and has promising applications in meteorological research, such as for visibility, oceanic
variables, and radar-based precipitation forecasting [25-28]. To further deepen the network
depth and improve model performance, Qin et al. [29] designed the U?net architecture
by incorporating a two-level nested U-structure, which deepened the overall depth of the
network architecture without significantly increasing the memory and computational cost.
Compared to Unet, U?net has more hierarchical structures and parameters, which can help
improve the feature representation capability and application accuracy [30,31].

Guizhou lies on a slope from the Tibetan Plateau to the hilly areas of eastern China,
and the karsts within its borders make it one of the most prone provinces to meteorological
disasters, owing to the significant climatic variations and complex weather changes in
different parts of the country. Guizhou is the only province in China with no plains and
its topography varies greatly, with a distribution characterized by a “high in the west
and low in the east” pattern (Figure 1). The conditions under which low visibility occurs
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in Guizhou vary, with frontal fog in the central-western and high-altitude regions and
radiation fog in the eastern and northern parts of the province, which makes it challenging
to forecast visibility in the province. Low-visibility weather is typical in Guizhou and has
drawn considerable attention from the local public. Therefore, the region’s meteorological
departments have placed particular emphasis on monitoring and forecasting low-visibility
weather. However, Guizhou Province only has 84 national meteorological stations to moni-
tor visibility, which is insufficient to comprehensively represent the visibility conditions
across the province. In order to enable more detailed visibility forecasting for Guizhou, this
study utilized the gridded observational data and the CMA-GD model output obtained
from the China Meteorological Administration (CMA) Information Center to construct
three visibility datasets to examine the impact of input data on the visibility forecasting
capability. More specifically, to improve visibility forecasting in Guizhou, the Unet and
U?net architectures were applied to establish visibility forecasting models for Guizhou
Province based on multi-variable datasets. The threat score (TS), bias score (BS), and
the root-mean-square error (RMSE) were used to evaluate the performance of visibility
forecasting models.
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Figure 1. Topographical map of the study area.

2. Data and Methodology
2.1. Data

This study employed hourly CMA Land Data Assimilation System (CLDAS) multi-
source merged grid observation data, including visibility, precipitation, 10 m wind direction
and speed, and 2 m humidity and temperature. The dataset had a horizontal resolution of
3 km. We obtained the CLDAS data from the CMA Information Center.

The CMA-GD model provided an hourly visibility forecast for the coming 72 h with
a horizontal resolution of 3 km, the outputs of which we also obtained from the CMA
Information Center.

The study region (22.1°-31.72° N, 101.05°-112.04° E) covered Guizhou Province, and
the study period encompassed by the CLDAS observational data and CMA-GD model data
spanned from 00:00 1 January 2022 to 23:00 30 June 2023.
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2.2. Characteristics of the Visibility Data

Figure 2 shows the characteristics of the visibility data for the validation set with a
total sample size of 4344. Most of the samples in the study area had a maximum visibility
of 30,000 m, and the mean values were mainly concentrated between 8000 and 15,000 m.
Visibility minima were mainly concentrated below 500 m, with 1725 samples documenting
visibility <200 m representing 39.71% of all samples and the number of samples with
visibility <500 m being 3078 representing 70.86% of all samples, together indicating a
relatively high quantity of low-visibility sample data (Figure 3). Therefore, the validation
dataset used in this study was sufficient for evaluating the low-visibility forecasting ability
of the model, meaning the evaluation results presented in this paper were both objective
and effective.

30,000
25,000

20,000
Mean of the Vis

£ 15.000 Max of the Vis
: B —— Min of the Vis

Visibility (meters)

10,000

5000

oy M,Wmdmlbwmmw.w o

0 500 1000 1500 2000 2500 3000 3500
Samples (hours)

Figure 2. Characteristics of the visibility data, with maximum visibility shown in green, minimum in

blue, and the mean in yellow.
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Figure 3. Characteristics of visibility minima.

2.3. Methodology
2.3.1. Unet

For common forecasting tasks based on meteorological grid-point data, the conven-
tional convolutional fully connected layer structure of the CNN networks could be replaced
with the convolutional upsampling structure of a fully convolutional network (FCN). The
FCN structure used an upsampling layer to enhance the global feature spatial information
of the source data and a long jump connection to fuse the prediction layer and shallow
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features in an element-by-element summation to achieve an accurate prediction of the
grid field data. This study established a visibility prediction model for Guizhou Province
based on meteorological data using Unet and U?net as the basis (Figure 4). Unlike FCN,
Unet could achieve greater detail to be captured and a small-sample learning capability by
attenuating the number of feature channels while the decoder upsampled at a hierarchical
level, and by upsampling at a hierarchical level through a long jump connection with the
encoder corresponding to the feature data for matrix splicing and fusion [25,29].
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Figure 4. Visibility forecasting model framework.

For the visibility prediction experiments carried out in this study, the network model
data were processed as follows (taking Unet as an example, in which the Unet network
had an encoder on the left and a decoder on the right): The encoder operation involved
inputting a dataset consisting of multi-variable meteorological data (visibility, precipitation,
10 m wind direction and speed, 2 m humidity and temperature, and CMA_GD model
data) into the model. The feature map size of the grid data was then changed to half its
original size by modeling the 3 x 3 convolutional structure and ReLU activation function,
as well as the maximum pooling operation. The decoder took the data processed using the
encoder and doubled the size of the feature map by a 2 x 2 deconvolution. The cascade
operation was implemented between the encoder and the decoder through a long jump
connection, and the outputs of the convolutional layers were transferred to the decoder
before the pooling operation of the encoder. Finally, the final visibility regression prediction
was obtained with a 1 x 1 convolutional layer.
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2.3.2. Evaluation Metrics

To evaluate the performance of each visibility forecasting model proposed in this
study, we used the TS to evaluate the ability of the models to predict the occurrence of
visibility events correctly. In this case, the TS measured the fractions of events that were
correctly predicted. It ranged from 0 to 1, with 1 being a perfect score. The BS, meanwhile,
was used to evaluate the overall accuracy of the probabilistic forecasts. The BS measured
the mean squared difference between the forecast probability and the observed outcome.
Moreover, the root-mean-square error (RMSE) was also used to assess model performance.

The TS, BS, and RMSE were calculated as follows:

Na

S= ——M————, 1

Na + N + Nc¢ M
Na + Np

BS= ———, 2

Na + N¢ @

1 -2
RMSE :¢m2<yi—yi), (3)

i=1

where Ny is the number of correctly forecast stations (events), N is the number of false-
alarm stations (events), N represents the number of missed-forecast stations (events), m is

the number of samples, y; is the observed value, and éi is the forecast value. Evaluating
the TS, BS, and RMSE of each model was performed for different visibility classifications:
<200 m, <500 m, <1000 m, and <3000 m.

3. Datasets and Visibility Forecast Models

In order to increase the sample size, the missing data were estimated using neigh-
boring points, which is a widely used approach in weather operations. The datasets
were normalized by rescaling the data from 0 to 1 for the practical training of the deep
learning models.

3.1. Unet-Based Visibility Forecasting Model Using Observational and Model Visibility Data

Based on the CLDAS and CMA-GD data, a visibility dataset (dataset I) was built using
an input-output mapping method of “24 frames — 24 frames”, with data elements being
visibility only. Then, a Unet-based visibility forecasting model (Unet_VToV) for Guizhou
Province was trained and established, providing hourly forecasts at 0 to 72 h lead times
with a horizontal resolution of 3 km.

3.2. Unet-Based Visibility Forecasting Model Using Multiple Observational Meteorological
Variables

The CLDAS-merged multiple-meteorological-variable dataset (dataset II) included
the following grid-based observational data variables: visibility, precipitation, 10 m wind
direction and speed, and 2 m humidity and temperature. It is important to note that this
dataset did not include any visibility forecast data from the CMA-GD model. We con-
structed a dataset using a “24 frames — 24 frames” input-output mapping approach. Then,
the Unet architecture parameters were tuned and optimized to establish an hourly visibility
forecasting model (Unet_NVToV) for Guizhou Province, covering a 0-72 h forecast range.

3.3. Unet- and U?net-Based Visibility Forecasting Model Using Multiple Observational
Meteorological Variables and CMA-GD Visibility

Using the merged multiple meteorological variable dataset mentioned in Section 3.2
and the visibility forecast data from the CMA-GD model (dataset III), a Unet-based visibility
forecasting model (Unet_PVToV) was established using the “24 frames — 24 frames” input—
output mapping approach to provide hourly forecasts for Guizhou Province, covering
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a 0-72 h forecast range. Furthermore, a nested network architecture was introduced to
construct a visibility forecasting model using the U%net architecture (U?net_PVToV).

4. Evaluation of Visibility Forecasting Models

The Unet-based visibility forecasting models were established using the three datasets
(datasets I-1II) mentioned in Sections 3.1-3.3, respectively. Each dataset was divided into
training, validation, and testing with a 16:1:9 ratio. The training set covered the period
from 1 January 2022 00:00 to 31 December 2022 23:00, resulting in 8784 samples. The testing
set covered 1 January 2023 00:00 to 30 June 2023 23:00, generating 4344 samples for the
model evaluation. The three datasets were input variables, and visibility was the output
(Step1 and Step2 in Figure 4). The Unet and U?net architectures performed hourly visibility
forecasts with 0-72 h lead times (Step3 in Figure 4). In addition, each hourly forecast
of the visibility corresponded to a separate forecast model. The TS and BS were used
to comprehensively evaluate and compare the performance of the different forecasting
models, considering both grid-based and station-based assessments (Step4 in Figure 4). For
the station-based evaluation of the models, we used the observed visibility values from
the weather stations and the forecast values from the model grid closest to the station. The
final scores for each model were calculated as the average of the 08:00 and 20:00 forecast
performances. The visibility forecasting models were evaluated across multiple visibility
classifications: <200 m, <500 m, <1000 m, and <3000 m. The verification was conducted
for the 0-72 h forecasts with a 3 h interval.

4.1. Evaluation of the Unet-Based Visibility Forecasting Model
4.1.1. Grid-Based Assessments of Unet-Based Models

Figure 5 shows the gridded distributions of the TS of the Unet-based (Unet_VToV,
Unet_NVToV, and Unet_PVToV) and CMA_GD visibility forecasting models. Unet_VToV
had a higher TS (dark green lines in Figure 5) than CMA_GD (red lines) in the visibility
classifications of <200 m and <500 m for the predictions at 24-30 h and 54-63 h lead
times. Conversely, for the <1000 m and <3000 m visibility classifications, the TS of
Unet_VToV was generally lower than CMA_GD, with a maximum decrease of 0.02. The
results indicated that the forecasting performance of Unet_VToV was inferior to the original
CMA_GD model.
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Figure 5. Threat scores of the visibility forecasting from three Unet-based and CMA-GD models.
Results for the Unet_VToV model are shown in dark green, Unet_NVToV in light green, Unet_PVToV
in yellow, and CMA_GD in red.
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(a) <=200 m

Unet_NVToV (light green lines) had a higher TS in the <200 m, <500 m, and <1000 m
visibility classifications, outperforming Unet_VToV and surpassing CMA_GD in most of
the predictions. In the <3000 m visibility classification, the TS of Unet_NVToV was higher
than that of Unet_VToV, but 0.02 lower than that of CMA_GD.

For the Unet_PVToV model (yellow lines), there was a significant improvement in
the TS for all visibility classifications. The TSs for nearly all forecast ranges were higher
than those of Unet_VToV, Unet_NVToV, and CMA_GD, with the maximum TS reaching
0.25 for the <200 m visibility classification (Figure 5a). Note that the TS improvements
in Unet_PVToV were less stable for the <200 m visibility classification, with only a few
forecasts showing substantial improvements, indicating a relatively lower model stability
in heavy-fog forecasting.

Figure 6 shows the BSs of the visibility forecasting models. Unet_VToV and Unet_NVToV
had much lower BSs than CMA_GD for all visibility classifications, with the best performance
seen for visibility below 200 m. Again, Unet_PVToV had a lower BS than CMA_GD did,
which indicated that Unet_PVToV had smaller forecast errors. Especially in the <200 m
visibility classification, the average BS was reduced by 20. However, Unet_PVToV had some
high BSs for predictions with a lead time of less than 27 h, which suggested some significant
errors during this period. In general, the improvement in the BS of Unet_PVToV was not as
substantial as the improvements found in the TS evaluation. While Unet_PVToV showed a
significant improvement in forecast accuracy, as shown by the TS, the larger BS suggested that
Unet_PVToV still struggled with specific forecast periods, with some more significant errors
during these periods.
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Figure 6. Similar to Figure 5, but for the bias score evaluations.

4.1.2. Station-Based Assessments of Unet-Based Models

Figure 7 shows the TSs of the visibility forecasting models at all the weather sta-
tions in Guizhou Province. Unet_VToV had higher TSs than CMA_GD in most of the
predictions for the visibility classifications of <200 m, <500 m, and <1000 m. However,
it had lower TSs than CMA_GD in the 27-33 h and 66-72 h forecasts. For the <3000 m
visibility classification, the TSs of Unet_VToV were not uniformly larger than those of
CMA_GD, with notable decreases compared to CMA_GD in the 6-15-h, 27-36-h, and
51-60 h forecasts. Unet_NVToV had larger TSs than Unet_VToV, with a maximum increase
of 0.03, outperforming CMA_GD. However, within the first 15 h of the <3000 m visibility
condition, Unet_NVToV had a lower TS than Unet_VToV and CMA_GD. Unet_PVToV had
higher station-based TSs than Unet_NVToV (maximum increase of 0.06) and outperformed
Unet_VToV_Sta. Unet_PVToV effectively enhanced the model performance and increased
the TSs of forecasts with a lead time of less than 15 h.
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Figure 7. Threat score evaluations of visibility forecasting from three Unet-based models and the
CMA-GD model at weather stations. Results for Unet_VToV are shown in dark green, Unet_NVToV
in light green, Unet_PVToV in yellow, and CMA_GD in red.
Figure 8 shows the BSs of the visibility forecasting models. The BS evaluations of
Unet_VToV and Unet_NVToV at weather stations were similar to those of the grid-based
evaluation. The BSs of Unet_VToV and Unet_NVToV were significantly lower than those
of CMA_GD for all visibility classifications, with a maximum reduction of approximately
3.5. The BS of Unet_PVToV at stations was similar to that of Unet_PVToV over the model
grid, which had a notable reduction compared to CMA_GD. However, the improvement
for Unet_PVToV was less substantial than that found in Unet_VToV and Unet_ NVToV.
Moreover, Unet_PVToV had a high BS for all visibility classifications for the forecasts with
a lead time of less than 27 h, which indicated significant forecast errors during this period.
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Figure 8. Similar to Figure 7, but for the bias score evaluations.

The evaluations on model grids and at weather stations showed that the TS of visibility
forecasts increased by adopting the Unet-based model and including more meteorological
variables. Unet_PVToV achieved considerably higher TSs than the other models for the
<500 m, <1000 m, and <3000 m visibility classifications, which demonstrated good fore-
casting capabilities. However, the TS improvement for Unet_PVToV was less pronounced
for the <200 m visibility classification, where the model was less robust. Moreover, the
BS evaluation indicated significant forecast errors within the 72 h forecast range. Over-
all, the model incorporating the multi-variable physical quantities, including visibility,
performed better.
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4.2. Evaluation of the UPnet-Based Visibility Forecasting Model

To further enhance the TS and decrease the BS of the Unet-based forecasting models, a
model based on the U?net architecture using the multi-variable physical quantity dataset
with CMA_GD visibility (dataset III) was constructed and evaluated.

4.2.1. Grid-Based Assessments

Figure 9 shows the TSs of the Unet- and U?net-based visibility forecasting models and
the CMA_GD model. By introducing the nested U?net model architecture, the U2net_PVToV
model showed a 0.06 higher TS than Unet_PVToV in the <500 m, <1000 m, and <3000 m
visibility classifications. U?net_PVToV had a much higher TS than CMA_GD at various
lead times. Furthermore, for the <200 m visibility classification, U?net_PVToV_Grid had
higher TSs than CMA_G and Unet_PVToV. U?Znet_PVToV was more robust, with a substantial
improvement in the TS. Compared to LSTM_Attention_Grid, the TS of LSTM_Attention_Grid
was better than that of U?net PVTo_V_Grid at individual times, but, overall, the TS of
U?net_ PVTo_V_Grid performed a little better, with better model stability.
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Figure 9. Threat scores of the visibility forecasting models based on the Unet (yellow lines) and UZnet
(cyan lines) architectures, along with the CMA_GD model (red lines) and LSTM_Attention model
(grey lines).

As for the BS of the visibility forecast models, shown in Figure 10, we could see that
U?net_PVToV significantly decreased the forecast errors within the 72 h prediction found
in Unet_PVToV. U?net_PVToV had an overall low BS (<0.2) for all visibility classifications,
which constituted a notable reduction in the BS compared to Unet_PVToV and CMA_GD,
with an average decrease of 0.3 to 1.0. The BS of LSTM_Attention_Grid was close to
that of U%net_PVToV, but the BS of U?net_PVToV performed better in the <500 m and
<1000 m visibility classifications. The RMSE results showed a significant improvement for
UZnet_PVToV over Unet_ PVToV and CMA_GD, and an overall reduction in RMSE over
LSTM_Attention (Figure 11). These results demonstrated that the U?net-based model could
increase the TS of visibility forecasts and reduce forecast errors, thereby strengthening the
overall stability of the model.

To further illustrate the forecasting skill improvements by introducing the U%net archi-
tecture, the spatial distributions of the TS for the models in Guizhou Province are presented
in Figure 12. As can be seen, CMA_GD had a TS ranging from 0.01 to 0.2, with the majority
of the area having scores below 0.1, which indicated a poor forecasting performance of
this model. Compared to CMA_GD, Unet_PVToV showed notable improvements in the
<200 m visibility classification, with the TS reaching the range of 0.1 to 0.7. For the <500 m
and <3000 m visibility classifications, Unet_PVToV produced an increase in the TS over
some areas of Guizhou, reaching 0.1 to 0.2. There was no significant difference in the TS
between CMA_GD and Unet_PVToV for the <1000 m visibility classification. In contrast,
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U?net_PVToV demonstrated substantial TS improvements for all visibility classifications.
For the <200 m visibility classification, U?net_PVToV had a TS approximately three times
higher than that of CMA_GD. The TS of U?net_PVToV increased by a factor of three
over CMA_GD, and its spatial coverage with a TS reaching 0.5 was wider than that of
Unet_PVToV_Grid. For the other visibility classifications, U?net_PVToV also had higher
TSs than CMA_GD and Unet_PVToV, especially for the <1000 m visibility classification,
where the forecast performed better than that of Unet_PVToV.
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Figure 10. Bias scores of the visibility forecasting models based on the Unet (yellow lines) and UZnet
(cyan lines) architectures, along with the CMA_GD model (red lines) and LSTM_Attention model
(grey lines).
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Figure 11. RMSE of the visibility forecasting models based on the Unet (yellow lines) and U2net
(cyan lines) architectures, along with the CMA_GD model (red lines) and LSTM_Attention model
(grey lines).

In summary, introducing the nested U%net architecture substantially improved the
TS of the visibility forecasting model. The TS of U?net_PVToV was able to reach 0.5-0.7
for the <200 m visibility classification, which indicated that the UZnet-based model could
better forecast low-visibility weather conditions. U%net_PVToV also reduced the significant
forecast errors within the 72 h prediction found in the Unet-based model. Moreover,
the U%net-based model significantly reduced the BS, diminishing the overall forecast
errors and improving the model’s stability. U?net_PVToV could provide more reliable
visibility forecast products in Guizhou Province, especially in areas lacking ground-based
visibility observations.



Atmosphere 2024, 15, 752

12 of 16

0.01 0.05 0.10 0.20 0.30 0.40 0.45 0.50 0.70

Figure 12. Spatial distribution of the threat score of the forecast from (left) CMA_GD_Grid, (middle)
Unet_PVTOV_Grid, and (right) U?net_ PVTOV_Grid in Guizhou Province for different visibility
classifications: (from top to bottom) <200 m, <500 m, <1000 m, and <3000 m.

4.2.2. Station-Based Assessments

The evaluations of the models at stations were similar to those over model grids.
The station-averaged TS (BS, RMSE) was higher (lower) at various prediction times in
UZnet_PVToV than Unet_PVToV and CMA_GD. To assess the model performance over
different areas, the TS values for the different models at each weather station are presented
in Figure 13. CMA_GD had a low TS, ranging from 0.01 to 0.05, across Guizhou Province,
with most stations experiencing a TS below 0.03. This indicated a generally poor forecast
performance of CMA_GD. For Unet_PVToV, the TS was higher in the eastern, southern,
and northwestern parts of Guizhou for the <500 m, <1000 m, and <3000 m visibility classi-
fications than for CMA_GD. However, in the <200 m visibility range, improvements were
less pronounced. U?net_PVToV had a significantly higher TS for all visibility classifications.
Especially in the <3000 m visibility classification, the TS tripled compared to CMA_GD
at most stations. The areas with a higher TS were in Guizhou’s southern, northern, and
northwestern parts. It is worth noting that the improvements in TS for the low-visibility
(<200 m) classifications at stations were not as extensive as the evaluations over model
grids (Figure 12).
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Figure 13. Spatial distribution of the threat score for the (left) CMA_GD_Sta, (middle)
Unet_PVTOV_Sta, and (right) U?net_PVTOV_Sta models at weather stations in Guizhou Province
for different visibility classifications: (from top to bottom) <200 m, <500 m, <1000 m, and <3000 m.

The visibility forecasting model based on the U?net network architecture had signif-
icantly higher TSs and lower forecast errors. Moreover, the U?net-based model outper-
formed the Unet-based and CMA_GD models at various lead times and over different
areas of Guizhou. While the U?net-based model delivered substantial improvements in the
station-based visibility forecast evaluations, there was still room for further enhancements,
particularly under low-visibility conditions at the stations.

4.3. Overall Evaluation of TS and BS

An overall evaluation of the models’ TSs taken over model grids and at weather
stations is summarized in Table 1 and in Table 2 for the BSs. These comprehensive TS
and BS evaluations highlighted the stepwise advancements in the forecasting capabilities
achieved through the progressive refinements in the dataset compositions and the model
architectures. Unet_PVToV significantly improved the skill scores compared to CMA_GD,
with an average tripling of the TS for different visibility classifications. By introducing the
nested U?net architecture and increasing the model depth, U?net_PVToV further increased
the TS, with a doubling over Unet_PVToV, and all classification intervals had higher TSs
than LSTM_Attention. Moreover, the model evaluations over model grids were better than
those at weather stations.
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Table 1. Overall evaluation of the TS of the visibility forecasting models over model grids and at
weather stations in Guizhou Province.

<200 m <500 m <1000 m <3000 m
1

Mode Grid Station Grid Staton Grid Station Grid Station
CMA_GD 0.0014 0.0032 0.0100 0.0057 0.0190 0.0079 0.0321 0.0152
Unet_VTOV 0.0010 0.0211 0.0060 0.0208 0.0079 0.0198 0.0125 0.0216
Unet_ NVTOV  0.0095 0.0347 0.0195 0.0326 0.0217 0.0319 0.0264 0.0300
Unet_PVTOV  0.0368 0.0408 0.0363 0.0397 0.0423 0.0417 0.0510 0.0466
U?net_ PVTOV  0.0838 0.0772 0.0887 0.0818 0.0973 0.0849 0.1013 0.0862
LSTM_Attention 0.0760 0.0751 0.0852 0.0835 0.0943 0.0782 0.0844 0.0768

Table 2. Overall evaluation of the BS of the visibility forecasting models over model grids and at
weather stations in Guizhou Province.

<200m <500 m <1000 m <3000 m
Model

ode Grid Station Grid Station Grid Station Grid Station
CMA GD 249902 1.3875 0.9914 0.8088 02114 0.2974 0.1723 0.1962
Unet VIOV 0.0016 0.0211 0.0066 0.0178 0.0089 0.0195 0.0160 0.0247
Unet NVTOV  0.2153 0.0436 0.0479 0.0491 0.0386 0.0490 0.0383 0.0379
Unet PVTOV  3.4004 0.2977 0.4074 0.2999 0.2438 0.5428 0.2093 0.3112
UZnet PVTOV  0.0840 0.0772 0.0906 0.0855 0.1029 0.0876 0.1100 0.0917
LSTM_ Attention 0.1049 0.1091 0.1171 0.1055 0.1219 0.1130 0.1168 0.1066

Unet_PVToV had higher TSs than Unet_VTOV and Unet_NVTOV. The higher BS of
Unet_PVToV indicated that the model became less stable when the CMA_GD output was
included. U%net_PVToV increased the TS and decreased the BS, which resulted in more
robust and consistent visibility forecasting capabilities.

5. Conclusions

This study established visibility forecast models for Guizhou Province by utilizing the
Unet and U?net architectures based on three datasets. Model performances were evaluated
using the temporal evolution and spatial distribution of the TSs and BSs of forecasts with
lead times of 0-72 h over model grids and at weather stations. The key findings were
as follows:

The Unet-based visibility forecasting model using the multi-variable physical quantity
dataset could significantly increase the TS compared to the CMA-GD model, with a more
than threefold increase. This approach also enhanced the forecast stability. However, the
Unet-based models had larger BSs than the CMA-GD model.

The nested U?net architecture, which deepened the neural network structure, could
strengthen the model’s ability to extract physical field features and increase the TS, achiev-
ing a more than sixfold increase over the CMA-GD model. In addition, by introducing the
U?net architecture, the model further improved the TS by approximately a factor of two
compared to the Unet model, and significantly reduced the BS. In particular, in terms of
the TS, the U?net-based model performed the best at the <200 m visibility threshold, with
a more than eightfold increase over the CMA-GD model. The spatial distribution of the
TS showed that the U?net-based model performed better at the model grid scale than at
individual weather stations. Compared to the Unet-based and LSTM_Attention model,
the U?net-based model lowered the overall BS and RMSE, reducing significant prediction
errors. The U%net-based model could improve the accuracy and stability of the visibility
forecast model. It was the best model we ever built for predicting visibility.

6. Discussion

The visibility forecasting model developed in this study using the multi-variable
physical quantity dataset and the U?net architecture provides a significant reference value
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for operational applications. However, the low-visibility (<200 m) forecast at stations
still requires improvements. Besides the meteorological variables, the performance of the
visibility forecast can be affected by the terrain [32]. Future research should aim to integrate
high-resolution terrain information into training data appropriately. Expanding the sample
size and optimizing the U?net architecture are needed to enhance the model performance
and decrease the forecasting error.
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