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Abstract
Low-visibility conditions are a weather hazard that affects all forms of transport, and accurate forecasting of their spatial 
coverage is still a challenge for meteorologists, particularly over a large domain. Current predictions of visibility are based 
on physical parametrizations in mesoscale models and are thus limited with respect to accuracy. This paper examines 
the use of supervised machine-learning regression techniques (tree-based ensemble, feed-forward neural network and 
generalized linear methods) to diagnose visibility from operational mesoscale model forecasts over a large domain. To 
achieve this, hourly forecasts of meteorological parameters in the lower levels of the atmosphere have been used. In 
the short-range forecasting framework, the machine-learning algorithms were developed to provide hourly forecasts 
up to 24 h. To assess the performance of the developed models, hourly observed data, collected at 36 synoptic land sta-
tions over the northern part of Morocco, have been used. This region is characterized by a heterogeneous topography. 
The tree-based ensemble methods have shown some improvement in visibility forecasting in comparison with the 
operational visibility diagnostic scheme based on Kunkel’s formula and also with persistence. It is also found that this 
machine-learning technique performs better when the forecast depends on multiple predictors instead of only a few 
with very high importance. In addition, their performance is very sensitive to the disproportionality of data availability 
between daytime and night-time. Furthermore, it is found that the performance decreases when principal components 
are used instead of raw correlated data.
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1 Introduction

Visibility forecasts are important to many customers and 
are a key requirement for all forms of transport, especially 
within the fields of land, aviation and shipping, though the 
range of adverse visibility thresholds of interest varies [1, 
2]. Of particular interest is the reliable forecasting of poor 
visibility, i.e. fog (visibility below 1 km) and mist (visibil-
ity between 1 and 5 km) [3]. For example, a dense advec-
tion–radiation fog that occurred in December 2013 led to 
several vehicle collisions and loss of life on a highway of 

the Grand Casablanca region, Morocco [4]. For air traffic, a 
dense fog event (visibility below 200 m) obliged the diver-
sion of 21 aircrafts in 2008, which were supposed to land at 
Mohamed V international airport, Casablanca, Morocco, to 
other national airports [5]. Such flight diversion results in a 
considerable cost to airlines (e.g. additional fuel consump-
tion and passengers support). Thus, high-quality visibility 
forecasts are important for reducing economic losses and 
for improving safety by warning drivers/pilots of danger-
ous conditions that might occur locally anywhere (e.g. 
road, airport and port) over a large domain. This indicates 
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the need to improve visibility forecasting, using the avail-
able data over this domain, and provide the motivation to 
carry out this research.

Visibility prediction techniques can be categorized 
based on numerical weather prediction (NWP), statistical 
methods as well as integrated methods [1, 6]. Integrated 
visibility methods are based on the application of conven-
tional rules for estimating the horizontal visibility using the 
latest atmospheric conditions from a NWP model, together 
with surface observations for the forecasting location. In 
this framework, conditional climatology combines per-
sistence and climatology by incorporating knowledge of 
outcomes of similar weather situations in the past in order 
to provide short-term forecasts of current weather param-
eters. However, Vislocky and Fritsch [7] described that 
persistence had usually better skill for very short range 
prediction of ceiling and visibility, whereas conditional cli-
matology was a more difficult tool to beat than persistence 
when the forecast period gets longer [8, 9].

Within the field of numerical weather prediction, vis-
ibility is diagnosed as a function of a set of prognostic 
atmospheric variables, used in a parametrization. The for-
mulation of Kunkel [10] (hereafter K84)) is the most com-
mon one used in NWP models and is based on the cal-
culation of visibility from liquid water content (e.g. single 
column model COBEL, [11]; 3D NWP model Meso-NH, [12]). 
Gultepe et al. [13] formulated an improved parametriza-
tion for warm-fog conditions which uses relationships 
between visibility, liquid water content (LWC) and droplet 
number concentration. The authors have demonstrated 
that visibility parametrization based on LWC alone (with 
a constant droplets concentration Nd ) causes a visibility 
error up to 100% depending on environmental conditions. 
The Met Office’s Unified Model diagnoses the visibility 
from the prognostic fields of pressure, temperature, spe-
cific humidity, cloud liquid water, cloud frozen water and 
aerosol mass concentration [14]. The author found a root-
mean-square error of about 7930 m and bias of − 1450 m 
when he compared neural network-based visibility to the 
observed one, obtained from the Belfort visiometer at 
Cardington. All the previous studies indicated that visibil-
ity parametrization needs to be improved since it caused 
an over-/underestimation of visibility depending on envi-
ronmental conditions.

Statistical supervised machine-learning (ML) techniques 
rely on a training period of historical data which con-
nect forecasts and observed visibility. In this framework, 
machine-learning algorithms are emerging as suitable 
methods for detection and prediction of meteorological 
phenomena [2, 15, 16]. Some machine-learning methods 
have been used for low-visibility forecasting, for example 
artificial networks [17], multiple linear regression [18], and 
tree-based methods [16]. In the literature, ML regression 

techniques have been used for low-visibility events fore-
casting by Cornejo-Bueno et al. [19] at Valladolid airport, 
Spain, with a focus on runway visual range. Using ordered 
logistic regression in the nowcasting framework, Kner-
inger et al. [20] developed a model to generate proba-
bilistic LVP (low-visibility procedure) categories forecasts 
at Vienna International Airport. To our knowledge, all the 
previous machine-learning techniques have been applied 
to a specific site, particularly the airports. Thus, there are 
a few studies in the literature regarding the evaluation 
of the performance of such ML techniques for visibility 
prediction over a large domain [e.g. [21]]. And, the factors 
influencing the ML-based model performance need to be 
more investigated.

This work aims to evaluate the potential of machine-
learning regression techniques in diagnosing the horizon-
tal visibility from the forecasts of an operational mesoscale 
NWP model. The study domain covers the northern part of 
Morocco (Fig. 1a). This area is characterized by heterogene-
ous topographical features, dominated by mountainous 
interiors which reach a peak of 4167 m, crossing diagonally 
the domain from south-west to north-east and agricultural 
regions in the south-western part (Fig. 1a). Hourly obser-
vational data of horizontal visibility, which are extracted 
from SYNOP messages issued from 36 synoptic stations, 
have been used (Fig. 1a) over a 2-year period (from March 
2015 to February 2017). These data are used as known val-
ues for the target variable in the used supervised learning 
algorithm. During night-time, 23 synoptic stations, mainly 
located in airports, are operating during the whole night-
time, while the remaining stations operate for a duration 
up to 5 h during the night (Fig. 1b). Various quality control 
tests (coherence with the other standard meteorologi-
cal parameters, missing, etc.) have been applied to the 
observed visibility, and 87% were classified as correct. 
Within the total of 326 690 observed data, 64% occurred 
during the daytime.

Taking into account that horizontal visibility could be 
also reduced under precipitation [22], we have inves-
tigated the frequency of reduced visibility classes that 
impact human activities. Thus, Fig. 2 illustrates the sea-
sonal (Fig. 2a) and diurnal (Fig. 2b) distributions of reduced 
visibility below 5 km by fog and mist phenomena, and by 
precipitation. Figure 2 points out that low visibilities are 
mainly caused by the occurrence of fog and mist over 
the 2-year period. It is also seen clearly that reduced vis-
ibility below 1 km under rainy conditions is almost never 
reported over the study domain. The monthly distribution 
points out the high frequency of mist during the summer 
season, and the fog frequency reached its peak during the 
cold season (from October to April). On the other hand, the 
diurnal distribution shows that the night-time and early 
morning are the favourable periods for fog occurrence 
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while the mist can occur at each moment during the 
daytime. It should be noted that visibilities below 5 km 
associated with precipitation are often observed during 
the afternoon although it is of low frequency. From the 
geographical standpoint, it is found that reduced visibil-
ity below 5 km affected rarely more than 4 synoptic sta-
tions at the same moment during the day. In this frame-
work, regional-scale visibility forecasts from the current 

operational NWP models are limited with repect to accu-
racy and need to be improved. Can, for example, machine-
learning techniques be an alternative to diagnose the hori-
zontal visibility from the NWP model forecasts over a large 
domain? It is the scope of this study to answer this ques-
tion based on machine-learning regression algorithms.

Thus, this study aims to generate forecasts of horizon-
tal visibility in the short-range forecasting framework (up 

(a) (b)

Fig. 1  a Map showing the location of the study domain which cov-
ers the northern part of Morocco. b Map showing Orography (m) of 
the study domain and the locations of the synoptic stations. Trian-

gles refer to stations operating during the whole day, while circles 
refer to stations which are operating during the daytime and up to 
5 h during the night-time

(a) (b)

Fig. 2  a Seasonal and b diurnal distributions of reduced visibilities below 5 km
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to 24 h) by developing an ML model using the state-of-
the-art machine-learning regression techniques. The 
challenges of this objective include the rare occurrence 
of reduced visibilities below 5 km over a heterogeneous 
topographical domain with disproportionality of data 
availability between daytime and night-time. The quality 
of the new visibility forecasts will be assessed using a set 
of independent observations.

Section  2, devoted to data sets and methodology, 
describes the predictor variables and the 3D NWP mes-
oscale AROME model (Applications de la Recherche à 
l’Opérationnel à Méso-Echelle, [23]) used in this study. 
Machine-learning techniques are also briefly described in 
this section. In Sect. 3, we analyse the modelling results. 
A discussion of the main findings with previous studies 
is conducted in Sect. 4. Conclusions and perspectives are 
presented in the last section.

2  Predictor variables and methods

2.1  Predictor variables

The mesoscale limited area model used in this study is 
the AROME model [23], which has been in operational 
use at the Moroccan National Meteorological Service 
since 2015. This model is designed to forecast high-impact 
meteorological phenomena with 2.5 km for the horizontal 
grid and 60 vertical levels, with the lowest level at about 
10 m above the ground. AROME uses the one-moment 
microphysical scheme ICE3 [24], which is a microphysical 
parametrization with a fixed cloud droplets concentration 
( Nc = 300 cm−3 over the land and Nc = 100 cm−3 over the 
sea). Mixing ratios of six types of hydrometeors (cloud, 
rain, snow, graupel, water vapour, and ice) are included as 
prognostic variables. This model uses the ECMWF radia-
tion parametrizations [25], and the representation of 
the turbulence in the planetary boundary layer is based 

on a prognostic turbulent kinetic energy equation [26] 
combined with a diagnostic mixing length. The coupling 
between the atmosphere and the underlying surface was 
based on the SURFEX system (http://www.cnrm.meteo .fr/
surfe x/).

In operation, the model is run two times per day, and 
in this study, the 0000 UTC hourly forecasts (up to 24 h) 
of every day are used. Table 1 summarizes the list of the 
AROME parameters used in this study. AROME parame-
ters were selected based on a priori assumptions about 
parameters that might have the most influence on hori-
zontal visibility at 2 m. To take into account the spatial and 
temporal distribution of the horizontal visibility over the 
study domain, the predictor variables include also the geo-
graphical coordinates (Latitude, Longitude, and Altitude) of 
the nearest grid point to each synoptic station and also the 
month and hour. It should be noted that some uncertain-
ties exist in Altitude due the smoothing of model orogra-
phy in comparison with actual station altitudes. Thus, the 
final database contains 34 predictors.

2.2  Machine‑learning techniques

In general, machine-learning is dedicated to developing 
and using algorithms that learn from raw data in order to 
make predictions [27]. These techniques are able to learn 
nonlinear relationships in data, which give them more 
power than linear methods. As opposed to the tradi-
tional statistics-based methods, machine-learning tech-
niques are data-driven self-adaptive methods, in which 
there are few a priori assumptions about the models for 
problems under study. In the literature, there is a vari-
ety of data-mining algorithms, which can be classified 
into two major classes: supervised methods like decision 
trees and neural network, and unsupervised methods 
like clustering and associations. In this study, the follow-
ing five supervised learning algorithms are used: feed-
forward neural network algorithms (FFN), generalized 

Table 1  AROME atmospheric 
variables used in the data-
mining process

10-m pressure 10-m wind speed Mean sea level pressure
10-m zonal wind 2-m temperature Total cloudiness
10-m meridional wind 2-m relative humidity Convective cloudiness
10-m temperature 2-m solar radiation High-level cloudiness
10-m liquid water content 2-m thermal radiation Middle-level cloudiness
10-m cloud fraction 2-m latent heat flux Low-level cloudiness
10-m kinetic turbulent energy 2-m sublimation flux Month
10-m relative humidity 2-m sensible heat flux Hour
10-m wet potential temperature Surface pressure Latitude
10-m dry potential temperature Downward solar radiation Longitude
10-m vertical velocity Downward thermal radiation Altitude
10-m wind direction

http://www.cnrm.meteo.fr/surfex/
http://www.cnrm.meteo.fr/surfex/
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linear regression algorithms (GLM), and the following 
tree-based ensemble algorithms: gradient boosting 
machine (GBM), random forest (RF) and extreme gradi-
ent boosting (XGB).

Generally, machine-learning uses an approach that 
assumes a model defined up to a set of parameters, 
i.e. y = f (x|�) where f(.) is the model and � refers to 
its parameters, x and y are, respectively, the input and 
the output of the model. Then, the machine-learning 
program optimizes the parameters, � , such that the 
approximation error is minimized, that is, our estimates 
are close as possible to the correct values given in the 
training set. In the supervised learning problems, we try 
to minimize a regularized objective function:

where training loss term L(� ) measures how well the 
model fits on training data and the additional regulariza-
tion term �(�) measures complexity of the model. This 
approach aims to have predictive and simple models. In 
the tree-based ensemble methods, data-mining process 
is learning functions (trees) instead of learning numerical 
weights (in feed-forward neural network and generalized 
linear models).

In machine-learning, regression refers to the prob-
lem of learning the relationship between some input 
variables and a quantitative output variable that is itera-
tively refined using a measure of error in the predictions 
made by the model. There are a number of techniques 
for using regression. Generalized Linear Model (GLM) 
estimates regression models for outcomes following the 
exponential distribution (Gaussian or gamma) via a link 
function (identity, logarithm or inverse) [28].

Feed-forward neural network (FFN) is trained with 
gradient descent using back-propagation to map the 
relations between inputs and the outcome [29, 30]. In 
fact, using multiple hidden layers allows a more sophis-
ticated build-up from simple elements to more complex 
ones and can fit the data more accurately with fewer 
parameters.

Tree-based ensemble approaches [31] such as 
boosting and random forest are based on growing an 
ensemble of decision trees and aggregating them into 
one model, which typically reduces the variance and 
improves the forecast accuracy [32]. Being sequential, 
boosting is based on weak learners and reduces error 
mainly by reducing bias and also to some extent vari-
ance, by aggregating the output from many models. 
Both extreme gradient boosting (XGB [33]) and gradi-
ent boosting machine (GBM [34]) follow the principle 
of gradient boosting. There are, however, some differ-
ences in modelling details. Specifically, XGB used a more 

f (�) = L(�) +�(�),

regularized model formalization to control over-fitting, 
which gives it better performance. On the other hand, 
random forest (RF [35]) grows trees in parallel (low bias, 
high variance). It tackles the error reduction task in the 
opposite way: by reducing variance. The trees are made 
uncorrelated to maximize the decrease in variance.

2.3  Experimental set‑up

Investigation in the data set points out the existence of 
imbalance between the occurrence of reduced and good 
visibilities. Such inequality can cause problems during the 
development process of ML-based models [36]. Thus, in 
this work, the sampling of the whole data set into training 
(70% of all data) and testing (30% of all data) sets has been 
performed by random split taking into account this condi-
tion. This is done to overcome the fact that the developed 
algorithms may converge on a solution by which the larg-
est class is always forecast [15, 37]. In fact, the data for each 
location were individually split into subsets of training and 
testing ensuring that all months, hours, reduced and good 
visibilities were well represented at 70% in training and 
at 30% in testing data sets. It should be noted that the 
days are chosen randomly, and a part of the training set is 
used during the cross-validation process (fivefold) and the 
testing set is used as independent data set for model per-
formance assessment. This configuration aims to evaluate 
the systematic error of the developed algorithms. In other 
words, we try to measure the ability of each algorithm to 
benefit from all the data of all the locations to estimate the 
horizontal visibility over the large domain.

To develop the FFN-based model, two major steps 
must be taken into account: data preparation for a split 
into training and testing sets and also the choice of an 
appropriate architecture of the neural network [38]. Given 
that the input variables belong to different ranges (e.g. 
pressure, temperature, relative humidity, etc.), all inputs 
were scaled to the same range, using a normalization 
approach, to prevent the FFN algorithm from placing 
unwarranted emphasis on those inputs with a larger mean 
magnitude. Regarding the architecture of the neural net-
work, the developed model has 34 inputs and one output, 
the horizontal visibility. A variety of networks have been 
tried with one and two hidden layers assuming the rule 
of Hecht-Nielsen [39] which suggests that maximum of 
hidden neurons must be (2n + 1) where n is the number of 
input nodes. After exploring some possible architectures, 
the configuration 34–39–30–1 with two hidden layers was 
used in this study. This means that the FFN network is com-
posed of two layers of hidden nodes, one with 39 nodes 
and the other with 30, with each node in a layer being 
connected to every node in the next layer.
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For the tree-based ensemble techniques, there is no 
direct practical rule which indicates the set of parameters 
one should tune and what are the ideal values of these 
parameters to obtain the optimal output. In this study, a 
random grid search with cross-validation has been used 
(H2o platform using R packages, http://docs.h2o.ai/).

3  Results

3.1  Models global performance comparison

To evaluate the potential of machine-learning algorithms 
for estimating the horizontal visibility, the results of the 
machine-learning experiments on testing data set are pre-
sented below, where the estimated value fi is compared to 
the observed one oi for N examples of the testing data set. 
The different developed algorithms are compared using 
the verification scores listed in Table 2.

Table 3 summarizes the global performance statistics of 
visibility estimation on the testing data set, issued, respec-
tively, from models based on machine-learning techniques 
(linear models -GLM-, Tree-based models -GBM, XGB, RF- 
and neural network-based models -FFN-), and also visibil-
ity diagnosed based on physical parametrization (VIS.K84) 
and persistence (PERS). In PERS model, it is supposed that 
the visibility expected today for a given hour is the same 
as that occurred yesterday at the same time. On the other 
hand, in VIS.K84, horizontal visibility is diagnosed using 
only liquid water content (LWC) at 2m following Kunkel 
[10]: Vis = a × LWC

−b where a is 0.027 and b is 0.88. The 
units of LWC and Vis are, respectively, g m−3 and km.

Table 3 points out that the generalized linear model is 
not suitable for visibility estimation over a large domain 
due to the complexity of such meteorological conditions 
and the complex interaction between the physical pro-
cesses. For the other ML techniques, the tree-based meth-
ods outperform the FFN method, the persistence, and the 
Kunkel’s based algorithm. The latter has the worst verifica-
tion scores. The best performance is related to XGB with a 

bias of − 144 m, a mean absolute error of 1322 m with 0.88 
correlation and a root-mean-square error of 2013 m. The 
mean absolute relative error is about 47%. Zhang et al. [40] 
stated that by fusing multimodal information (combining 
XGBoost and LightGBM), the visibility prediction system 
can be significantly improved compared to XGBoot- and 
LightGBM-based models separately. But, the developed 
model has a higher root-mean-square error (6710 m) in 
comparison with our finding (2013 m). This could be due 
to the fact that the authors used only the top ten factors, 
as model inputs, that are more correlated to visibility 
among the 38 initial factors. In the following subsection, 
the machine-learning models will be analysed based on 
variable importance to identify which predictor variables 
contribute more during the machine-learning process.

3.2  Model analysis based on variable importance

To identify the variables with the highest impact on the 
forecasts, the best attributes are selected according to the 
information gain achieved when the value of that attribute 
is known. Table 4 shows the most highly represented node 
variables in the set of trees created during the develop-
ment process for the different tree-based algorithms. It 
is seen clearly from this table that the first five important 

Table 2  List of verification scores used in this study to assess the performance of the developed models on the testing data set

verification score Formulation Details

Mean bias BIAS =
1

N

∑N

i=1
(fi − oi)

It measures reliability. It is simply the average of the estimated value minus the 
average observed value

Correlation coefficient
CC =

∑n

i=1
(fi−f )(oi−o)√

∑n

i=1
(fi−f )

2(oi−o)
2

It is used to measure the relationship of the algorithm output with observation

Mean absolute error MAE =
1

N

∑N

i=1
(�fi − oi�)

It is the average difference between the algorithm output and the observation

Root-mean-square error
RMSE =

�
1

N

∑N

i=1
(fi − oi)

2 It is used to measure accuracy. It is affected more by larger errors than MAE

Mean relative error MRE = 100 ×
1

N

∑N

i=1

�fi−oi �

oi

It is used to quantify the fitness of the algorithms used in this research work

Table 3  Performance statistics of visibility estimation on the test-
ing data set issued from models based on machine-learning tech-
niques (GLM, GBM, XGB, RF, and FFN), and visibility diagnosed 
based on physical parametrization (VIS.K84)

Persistence (PERS) is also included for comparison

Algorithm BIAS (m) RMSE (m) MAE (m) MRE (%) CC

GLM − 203 3431 2398 152 0.60
GBM − 166 2090 1376 49 0.87
XGB − 144 2013 1322 47 0.88
RF − 179 2177 1443 54 0.86
DL − 182 2298 1576 63 0.84
VIS.K84 2933 39,730 6079 155 − 0.02
PERS 125 2886 1493 251 0.77

http://docs.h2o.ai/
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variables represent 79.14%, 68.4%, 37.72% and 24.86% of 
information gain, respectively, for RF, GBM, FFN and XGB. 
We notice that the geographical positions (Longitude, 
Latitude, and Altitude) are the highly important variables 
for RF, GBM, and FFN in association with the pressure at 
the lowest model level in the atmospheric boundary layer 
(Surface pressure, 10-m Pressure). It should be noted that 
variable selection could be a difficult task and more chal-
lenging in the presence of highly correlated predictors 
such as atmospheric fields. This is in agreement with the 
finding of Dueben and Bauer [41], dealing with challenges 
for global weather and climate models based on machine-
learning. The authors stated that physical knowledge of 
the properties of the fields, used as input for neural net-
work, and their connectivity are important to design the 
optimal network architecture. In fact, atmospheric fields 
such as surface pressure depend on local features of the 
study domain such as topography. On the other side, for 

the best ML-developed model related to XGB method, 
the first five variables represent only 24.86% with similar 
relative importance for each parameter. To reach 80% of 
the total variable importance, XGB used 28 variables in 
contrary to RF where Altitude has a relative importance 
of 38.03%. This shows that machine-learning techniques 
perform better when the forecast depends on multiple 
predictors instead of only a few with very high importance. 
Based on variable importance, the discrepancy in model 
analysis between the used ML techniques could be due 
to the correlation between predictor variables. To check 
this hypothesis, principal components regression will be 
performed, in the following subsection, using the same 
machine-learning techniques.

3.3  Principal components regression

Principal components regression is carried out on a set 
of possibly collinear features and performs a transforma-
tion to produce a new set of uncorrelated features. In this 
study, the correlation matrix is preferred because we are 
using time-series data with different measurement units. 
Thus, the correlation matrix standardizes the used vari-
ables [42, 43]. It is considered as the most efficient repre-
sentation of variance in the data set [e.g. 44]. The number 
of principal components (PCs) to retain was determined 
based on variance explained criteria. Thus, one can keep 
component to account for 90% or to a lesser extent for 
80% of the variance [45].

In comparison with the baseline experiment, where 
the raw correlated data are used, Table 5 summarizes the 
loss or gain in performance statistics of visibility estima-
tion on the testing data set using 14, 17 and 34 principal 
components as input predictors and which represent 90%, 
95% and 100% of explained variance. Overall, machine-
learning techniques applied to principal components 
show lower performance than when raw data are used as 
predictors. It is seen clearly from Table 5 that the explained 
variance rate decreases, as the performance of the devel-
oped algorithms deteriorates in terms of bias, root-mean-
square error and mean absolute error. For mean absolute 
relative error and linear correlation, the impact of using 
principal components as predictors is neutral to nega-
tive. On the other hand, using the principal component 
regression, the XGB method remains the best performing 
method compared to other techniques. To study in detail 
spatial and temporal distribution of the error issued from 
the developed models for estimating visibility over the 
study domain, the overall performance analysis is com-
plemented in the following subsections by performance 
analysis separately as a function of forecast hours and 
location.

Table 4  Variable importance (%) for each ML-developed model

The five first important variables are shown with their total of 
importance

Algorithm Variable Percentage of 
importance 
(%)

Total (%)

GBM Longitude 17.79
Altitude 17.22
10-m pressure 12.17
Surface pressure 10.97
Latitude 10.25

68.4
XGB Downward thermal radia-

tion
05.60 

Mean sea level pressure 05.27 
10-m pressure 04.70 
2-m latent heat flux 04.65 
2-m thermal radiation 04.64 

24.86
RF Altitude 38.03 

Longitude 15.33 
Surface pressure 10.20 
Latitude 08.86 
2-m relative humidity 06.72 

79.14
FFN 10-m potential tempera-

ture
09.57 

Altitude 07.41 
10-m temperature 07.28 
Latitude 07.12 
2-m sublimation flux 06.34 

37.72
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3.4  Performance as function of forecast hours

Figure  3 represents the evolution of the performance 
statistics of the different estimators as a function of the 
forecast hours. This plot shows that the performances of 
the tree-based algorithms (XGB, GBM, and RF) and the 

neural network-based models (FFN) have similar behav-
iour except for the generalized linear model (GLM) which 
confirms the worst performance for all forecast hours.

Some discrepancies are noticed in the times series of 
some verification scores (MRE and MAE) for some ML algo-
rithms (Fig. 3). This could be due to the disproportionality 

Table 5  Performance loss or 
gain on the testing data set, 
as difference between the 
verification score issued from 
models based on machine-
learning techniques (GLM, 
GBM, XGB, RF, and FFN) 
using 34, 17 and 14 principal 
components (PCs) as inputs 
and that computed for the 
baseline experiment (REF, in 
Bold)

Algorithm PCs BIAS RMSE MAE MRE CC

GLM REF − 203 3431 2398 152 0.60
GLM 34PC − 35 809 159 − 4 − 0.11
GLM 17PC − 35 809 159 − 4 − 0.11
GLM 14PC − 35 810 159 − 4 − 0.26
GBM REF − 166 2090 1376 49 0.87
GBM 34PC − 18 134 137 − 3 − 0.01
GBM 17PC − 31 338 297 1 − 0.04
GBM 14PC − 7 866 659 17 − 0.15
XGB REF − 144 2013 1322 47 0.88
XGB 34PC − 26 191 154 1 − 0.02
XGB 17PC − 33 323 266 7 − 0.04
XGB 14PC − 23 881 649 17 − 0.14
RF REF − 179 2177 1443 54 0.86
RF 34PC − 33 226 229 − 2 − 0.03
RF 17PC − 34 505 411 4 − 0.08
RF 14PC − 4 931 711 21 − 0.17
FFN REF − 182 2298 1576 63 0.84
FFN 34PC − 29 − 33 − 26 − 5 0.00
FFN 17PC − 206 185 149 − 8 − 0.02
FFN 14PC − 254 1012 776 23 − 0.20

(a) (b)

Fig. 3  Plot of the performance statistics of visibility estimation on the testing data set issued from models based on machine-learning tech-
niques and persistence, as a function of forecast hour: a mean absolute error (MAE, m) and b mean absolute relative error (MRE, %)
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of the number of synoptic stations operating during the 
whole day and that do not operate during the night. This 
could impact, in turn, the training process. To check this 
hypothesis, we have plotted in Fig. 4 the distribution of 
MAE and MRE of the different estimators as boxplot for 
all synoptic stations. The nonparametric Mann–Whitney 
test was used to explore the null hypothesis that groups 
of data have the same median at 95% confidence level 
([46]). The test was performed on various combinations of 
groups and has shown a statistically significant difference 
between the medians for both parameters (MAE and MRE) 
during the day- and night-time.

By comparing the two verification scores (MAE and 
MRE) for the different algorithms according to the forecast 
time during the day (daytime or night-time), Fig. 4 reveals 
that their behaviours are different. In fact, the median of 
the MAE of the developed algorithms during daytime is 
often lower than that found during night-time, with a large 
dispersion around the median. This could be explained 
by the scarcity of reduced visibilities below 5 km and the 
prevalence of good visibility during the daytime, as dem-
onstrated in the climatology study in introduction section. 
Thus, machine-learning algorithms manage to capture 
well this dominant class of visibility. This is confirmed by 
the distribution of the MRE in Fig. 4b where it is found 
that the MRE is lower during daytime unlike during night-
time. This could be due to the uncertainties included in the 
estimated horizontal visibility, particularly during night-
time, by the observer at the synoptic stations. Indeed, the 
observed visibility is mainly subjective and varies from 

observer to observer and then from station to station. 
Thus, in the following subsection, the performance of the 
developed machine-learning algorithms as a function of 
each synoptic station will be investigated.

3.5  Performance as function of spatial location

To evaluate the generalization error of the developed 
model over the study domain, the verification scores of 
the unified machine learning-based model, applied to 
an individual station, have been investigated on the test-
ing set. To establish whether significant differences exist 
between the different algorithms, some statistics are illus-
trated in Fig. 5 as box-and-whisker plots for GLM, GBM, 
XGB, RF, FFN and PERS. The comparison has focused on lin-
ear correlation and the mean absolute error between the 
observed and predicted visibility. The Mann–Whitney test 
was performed on various combinations of groups and 
has shown a statistically significant difference between the 
medians for linear correlation, and no significant differ-
ence between the medians for the RMSE, except for GLM 
algorithm and PERS.

This figure shows that tree-based algorithms (GBM, 
XGB, and RF) show a positive and strong linear correlation 
(greater than 0.5 and reached 0.9 for some stations) on 
more than half of the locations used in this study and that 
it reaches up to 75% of stations for XGB. Results pointed 
out that the persistence shows a positive, but weak cor-
relation and even a decorrelation for some stations. On 
the other hand, the machine-learning algorithms have an 

(a) (b)

Fig. 4  Box plots of the distribution of a mean absolute error and b 
mean absolute relative error of the developed algorithms at day-
time and night-time hours on the testing set and persistence as a 
benchmark. The lower and upper edges of each box refer to the 

25th and 75th percentiles, respectively. The horizontal line within 
each box refers to the median. The lower and upper whiskers are 
the minimum and maximum values, respectively
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RMSE, which varies from 2100 to 3000 m as value for the 
75th percentiles, which represents 75% of the synoptic sta-
tions, except for GLM, in which this error is much higher. 
It is concluded that XGB outperforms the other machine-
learning algorithms and persistence as a benchmark with 
high correlation and lowest error over the synoptic sta-
tions used in this work.

3.6  Binary scores

In SYNOP weather reports, visibility represents the short-
est horizontal visible distance considering all directions 
(World Meteorological Organization [47]). Visibility is 
estimated by human observers using landmarks around 
weather stations. Then, the horizontal visibility is typi-
cally classified, but the employed classes vary from place 
to place. In this study, it is found that the performance of 
the ML algorithms is affected in low-visibility conditions. 

Indeed, the RMSE is better for good visibilities (above 
5 km) than for the poor ones (e.g. 1978 m vs. 3272 m for 
XGB and 2255 m vs. 3820 m for FFN) associated with high 
linear correlation (e.g. 0.88 vs. 0.45 for XGB and 0.84 vs. 
0.42 for FFN).

An alternative method to assess the utility of the ML 
regression techniques is to compute the scores for ML 
model’s diagnosed visibility either being below 5 km 
(poor visibility) or not. This gives the test its binary 
nature, and the results of this are shown in Table 6. Fre-
quency bias (FBIAS) is used to measure the reliability of 
the developed models while per cent correct (PC), prob-
ability of detection (POD), critical success index (CSI) and 
false-alarm ratio (FAR) are used to measure their accu-
racy. The equitable threat score (ETS) and true skill score 
(TSS) are used as skill scores (for more details about the 
verification scores, see WMO/TD No. 1023).

(a) (b)

Fig. 5  Box plots of the distribution of a linear correlation and b root-mean-square error of the developed algorithms at the 36 locations on 
the testing set

Table 6  Binary scores for the 
ML-developed model over the 
testing data set

Visibility diagnosed based on physical parametrization (VIS.K84) and persistence (PERS) are also 
included for comparison

Algorithm FBIAS POD FAR PC CSI ETS POFD TSS

XGB 1.54 0.55 0.65 0.97 0.27 0.26 0.02 0.53
GBM 1.23 0.45 0.64 0.97 0.25 0.24 0.02 0.43
GLM 0.38 0.11 0.71 0.98 0.09 0.08 0.01 0.1
RF 1.3 0.39 0.7 0.97 0.21 0.2 0.02 0.37
FFN 1.96 0.5 0.75 0.96 0.2 0.19 0.03 0.47
PERS 0.54 0.23 0.58 0.96 0.17 0.16 0.01 0.22
VIS.K84 2.06 0.33 0.84 0.96 0.12 0.11 0.03 0.3
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From Table 6, it can be seen that XGB model outper-
forms the other estimators where it correctly diagnoses 
97% of both visibility classes and 55% of visibilities below 
5 km. XGB model fails in 65% of poor visibilities in the 
testing set. This could be due to its frequency bias of 1.54 
which indicates a slight over-forecasting of poor visibili-
ties. This ML model has the highest values of CSI (0.27) 
and ETS (0.26); this indicates that 26% of observed poor 
visibilities were correctly predicted, adjusted for hits that 
can occur purely due to random chance. In addition, this 
model shows an important ability to discriminate between 
good and poor visibilities (TSS = 0.55) followed by FFN 
model (TSS = 0.47). The latter over-forecasts almost twice 
the poor visibilities (FBIAS = 1.97) which induces a high 
false alarm rate FAR of 75%.

4  Discussion

In the short-range forecasting framework (up to 24 h), 
the suitability of ML approaches for regional-scale vis-
ibility forecasts has been investigated in this study. The 
best performance is related to XGB (extreme gradient 
boosting) with a bias of − 144 m, a mean absolute error of 
1322 m with 0.88 correlation and a root-mean-square error 
of 2013 m. Its mean absolute relative error is about 47%. 
This result confirms the findings in Caruana and Niculescu-
Mizil [48] where tree-based algorithms perform excep-
tionally well comparing empirically to nine other learning 
methods in a classification framework. Claxton [14] found 
an RMSE of about 7930 m and bias of − 1450 m when he 
compared neural network-based visibility to the observed 
one, obtained from the Belfort visiometer at Cardington. 
On the other side, results demonstrate that visibility esti-
mation using Kunkel’s parametrization has the worst per-
formance with a mean relative error of 155%. This finding 
is in agreement with that of Gultepe et al [13] where the 
authors have demonstrated that visibility parametrization 
based on LWC alone (with a constant droplets concentra-
tion Nd ) causes a visibility error up to 100% depending on 
environmental conditions [49].

Regarding the potential of machine-learning tech-
niques to be used as an alternative for diagnosing the 
horizontal visibility from mesoscale model forecasts, it is 
found that XGB (extreme gradient boosting) is a suitable 
tool for estimating visibility over a large domain. Investi-
gation of the performance of the ML-developed models, 
applied to an individual station, demonstrates that XGB 
outperforms the other machine-learning algorithms and 
persistence as a benchmark with high correlation and low-
est error over the used synoptic network. In fact, Hsieh and 
Tang [50] stated, in their review article, that neural net-
works have difficulty being adapted to analyse or forecast 

some meteorological phenomena when using large spa-
tial data fields which cover numerous spatial grids or sta-
tions. Thus, neural networks will have a very large number 
of weights (a combination of the number of inputs and 
the number of hidden neurons) to deal with during the 
optimization process. This could lead to an ill-conditioned 
problem. To overcome this problem, the authors suggests 
using principal components as a prefilter for compressing 
the large spatial data fields. To check this in our frame-
work, the robustness of the algorithms to the features 
correlation has been investigated, and it is found that the 
performance of ML techniques decreases when principal 
components are used instead of raw correlated data.

One strength of the tree-based methods is the inter-
pretability of the nonlinear relations through peering 
inside the black box via the investigation of features 
importance. In this framework, it is demonstrated here that 
ML-developed algorithms perform better when the fore-
cast depends on multiple predictors instead of only a few 
with very high importance. Indeed, models analysis based 
on variable importance shows that XGB uses 28 predictor 
variables to reach 80% of importance during the data-min-
ing process, while it is found that changing meteorological 
conditions over the large domain affected visibility fore-
casts for the other ML techniques. Indeed, it is found that 
geographical positions (Longitude, Latitude, and Altitude) 
are the variables with the highest impact on the forecasts 
for random forest, gradient boosting machine and feed-
forward neural network in association with the pressure at 
the lowest model level in the atmospheric boundary layer. 
Using ordinary least squares and weighted least squares 
regression models, Pulugurtha et al. [51] investigated the 
influence of contributing factors and predicting visibility at 
road link-level (small domain) in the state of North Carolina 
(USA), and they found that elevation and cloud cover are 
negatively associated with low visibility. Therefore, one can 
deduce that the ML algorithms could be geographically 
or climatologically dependent on the region where they 
are used.

The temporal distribution, as a function of the forecast 
hours, of the error issued from the developed models for 
estimating visibility over the study domain, shows that the 
performance of the tree-based algorithms and the neural 
network-based models have similar behaviour except for 
the generalized linear model, which confirms the worst 
performance for all forecast hours. Some discrepancies are 
noticed in the times series of mean bias, mean absolute 
error and mean absolute relative error for some machine-
learning algorithms. It is demonstrated that it is due to 
the disproportionality of the number of synoptic stations 
operating during the whole day and that do not operate 
during the night. This also could be explained by the scar-
city of reduced visibilities below 5 km and the prevalence 
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of good visibility during daytime, and the uncertainties in 
the mesoscale model forecast associated with the model 
error. One additional factor could be the uncertainties 
included in the observed horizontal visibility, particularly 
during night-time, estimated by the observer using land-
marks around weather stations [47].

5  Conclusion

Three subclasses of machine-learning regression tech-
niques (feed-forward neural network, generalized linear 
model and tree-based ensemble methods) have been 
used in this research work to diagnose horizontal visibil-
ity from a set of meteorological parameters issued from 
an operational mesoscale NWP model at the Moroccan 
Weather Service (AROME with 2.5 km of horizontal grid 
and 60 vertical levels). In the short-range forecasting 
framework, the proposed machine-learning algorithms 
were derived for hourly forecasts through a data-mining 
process up to 24 h. Their performance has been assessed 
against the persistence as a benchmark, over the continen-
tal part only, based on real data collected at 36 synoptic 
stations over 2 years, spatially distributed over topographi-
cally heterogeneous terrain. To take advantage of all the 
data of all the locations to estimate the horizontal visibility, 
the data for each location were individually split into two 
subsets ensuring that all months, hours, reduced and good 
visibilities were well represented at 70% in training and at 
30% in testing data sets.

The tree-based ensemble methods have shown some 
improvement in visibility forecasting in comparison with 
the operational visibility diagnostic scheme based on Kun-
kel’s formula and also with persistence. In fact, it is shown 
that XGB (extreme gradient boosting) is a suitable tool for 
estimating visibility over a large domain. When applied to 
an individual station, XGB model performance has high 
correlation and lowest error over the used synoptic net-
work. In addition, it is demonstrated that ML algorithms 
perform better when the forecast depends on multiple 
predictors instead of only a few with very high importance. 
Regarding the robustness of the algorithms to the features 
correlation, it is found that their performance decreases 
when principal components are used instead of raw corre-
lated data. In addition, their performance is very sensitive 
to disproportionality of data availability between daytime 
and night-time data sets

In summary, the tree-based ensemble methods have 
shown some benefit in visibility diagnosing in comparison 
with the operational visibility diagnostic scheme. However, 
these techniques have shown some limitations. One pos-
sible improvement for the machine-learning techniques 
performance would be a rapid update cycle which takes 

into account the latest observation and the previous fore-
cast error. On the other hand, more investigation must be 
done to improve the ML-developed models by optimizing 
the architecture for FFN network and the hyperparameters 
tuning for the tree-based ensemble methods. This study 
has addressed the possibility of using machine-learning 
techniques as a benchmark to diagnose visibility from 
NWP kilometric model outputs by developing a unified 
model. Perhaps, it would be better to try developing many 
submodels dealing with regional features.
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