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Highlights: 

• This study analyzes various weather generator models used 

in climate change research and their connection to 

meteorological parameters. 

• It classifies these models to assist researchers in selecting 

the most suitable generator for their hypotheses. 

• Highlighting their advantages, the study emphasizes the 

significant role of weather generators in fields like energy, 

meteorology, and urban planning. As such, this study is 

important in providing a detailed survey of the uses of 

weather generators. 
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Abstract: The changes in weather and climate 

patterns have prompted the world to conduct 

comprehensive and in-depth studies and research 

due to their direct impact on all aspects of life. 

Therefore, predicting climate using historical data 

for a specific area is vital to studying and knowing 

the level of impact of the resulting change in terms 

of hydrological, meteorological, and agricultural 

aspects. In this study, a comprehensive review of the 

latest and most popular weather generators used in 

the world was surveyed. A thorough evaluation of 92 

papers published between 2000 and 2023 was 

analyzed and discussed in terms of the geographical 

locations and climatological conditions, time scale, 

predictors, and capabilities of weather generators 

models. Starting in early September 2023, the study 

made use of the search boxes on Scopus, IEEE 

Xplore, ScienceDirect, Web of Science, Semantic 

Scholar, PubMed, and Connected Papers databases. 

The terms "Weather Generators", "Climate 

Changes", and “Meteorological Parameters" were 

mixed with auxiliary words like "Applications", 

"Program," "Code", and "Software", as well as 

different variations of the terms "forecasting", 

"projection", and "prediction", in addition to the 

main terms. Hence, the reviewed papers provide an 

insightful tool for researchers to use the weather 

generator models in similar studies. Ultimately, the 

study presents a comprehensive and cutting-edge 

overview of weather generator applications, 

highlighting the most promising approach for future 

studies, which helps researchers and those 

interested in understanding the causes of climate 

change. 
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 تنفيذ مولدات الطقس للتنبؤ بتغيرات المناخ المستقبلية، ورقة مراجعة 
 2خالد شمال  ، 1مصطفى مجيد المختار  ، 1محمد علاء ضياء

 العراق.   – بغداد / الهيدروليكية / قسم الهندسة المدنية / الجامعة التكنولوجية فرع هندسة المياه والمنشات 1
 العراق.   –بغداد  / الهيئة العامة لمشاريع الري والاستصلاح / وزارة الموارد المائية 2

 الخلاصة 
لى كافة  إن التغيرات التي تحدث في أنماط الطقس والمناخ جعلت العالم يتجه نحو إجراء دراسات وأبحاث شاملة ومتعمقة، لما لها من تأثير مباشر ع 

مستوى تأثير  جوانب الحياة. ولذلك فإن التنبؤات بشأن المناخ المستقبلي باستخدام البيانات التاريخية لمنطقة معينة أمر حيوي يجب دراسته ومعرفة 
  التغير الناتج من النواحي الهيدرولوجية والجوية والزراعية. تم في هذه الدراسة استعراض شامل لأحدث وأشهر مولدات الطقس المستخدمة في 

لمناخية،  من حيث المواقع الجغرافية والظروف ا   2023و  2000ورقة بحثية منشورة بين عامي    92العالم. وقد تم تحليل ومناقشة تقييم شامل لـ  
 ، استخدمت الدراسة صناديق البحث في قواعد بيانات2023والمقياس الزمني، والتنبؤات، وقدرات نماذج مولدات الطقس. بدءًا من أوائل سبتمبر 

Scopus وIEEE Xplore   وScienceDirect   وWeb of Science   وSemantic Scholar   وPubMed   وConnected 
Papers  "التطبيقات" مثل  مساعدة  كلمات  مع  الجوية"  الأرصاد  و"معلمات  المناخية"  و"التغيرات  الطقس"  "مولدات  مصطلحات  خلط  وتم   ,

ومن  و"البرنامج" و"الكود" و"البرمجيات"، فضلاً عن صيغ مختلفة لمصطلح "التوقع". و"التنبؤ" و"التكهن" بالإضافة إلى المصطلحات الرئيسية.  
داة ثاقبة للباحثين لاستخدام نماذج مولدات الطقس في دراسات مماثلة. وفي نهاية المطاف، تقدم الدراسة  التي تمت مراجعتها أ  ثم، توفر الأوراق

على  نظرة شاملة ومتطورة عن تطبيقات مولدات الطقس وتسليط الضوء على النهج الواعد للدراسات المستقبلية، والذي يساعد الباحثين والمهتمين  
 .ةفهم أسباب حدوث التغيرات المناخي

 .مولدات الطقس، التغيرات المناخية، معلمات الأرصاد الجوية، نموذج المناخ العالمي، السيناريوهات  كلمات الدالة:ال
 

1.INTRODUCTION
Climate change is a complicated and diverse 
process with far-reaching ramifications for our 
planet's ecosystems, human communities, and 
global economy. Human actions, including the 
use of fossil fuels, deforestation, and industrial 
operations that emit greenhouse gases into the 
atmosphere, are mostly to blame. These gases 
trap heat from the sun, causing global 
temperatures to rise and weather patterns to 
shift throughout the planet [1]. Climate change 
has a wide range of consequences, including 
rising sea levels, increasing the frequency and 
intensity of extreme weather events, changes in 
temperature and precipitation patterns, and 
hydrological and ecological disturbances. These 
shifts pose significant challenges to long-term 
development, food security, water resources, 
and public health [2,3]. Understanding and 
mitigating the consequences of climate change 
requires modern tools and approaches. One 
such approach is the usage of weather 
generators, which are computer models or 
software programs that mimic weather 
conditions based on historical climate data. 
Weather generators are critical in studying the 
effects of climate change on diverse sectors, 
such as hydrology, agriculture, energy, and 
urban planning. Climatic-hydrological-crop 
models are essential for comprehending and 
forecasting the intricate relationships between 
climatic variables, hydrological processes, and 
crop development. The scarcity of trustworthy 
and comprehensive long-term meteorological 
and stream flow data hinders capturing local-
scale processes and crucial conditions for 
robust modeling. More efforts are required to 
address these difficulties and increase the 
dependability of climate-hydrological-crop 
models by improving data availability, 
collecting methods, and data quality [4]. 
Weather generators use statistical algorithms to 
produce synthetic weather data, including 
precipitation, temperature, solar radiation, and 

wind speed, allowing researchers to study 
probable future weather situations. These 
models can recreate realistic weather patterns 
for many places and periods by using historical 
climate data and statistical approaches, 
allowing decision-makers to analyze the 
possible effects of climate change on specific 
places, assess the susceptibility of 
infrastructure and ecosystems, and devise 
adaptation and mitigation plans [5,6]. Ansari et 
al [4] found that by incorporating the outputs of 
weather generators into climate and 
hydrological crop models, researchers can gain 
comprehensive insights into the potential 
consequences of climate change on crop 
production. Duan and Song [7] proposed that 
combining weather generators and remote 
sensing provides a practical estimation method 
in areas that lack detailed historical 
measurement data. Hong et al. [8] 
recommended that weather generators should 
consider drought characteristics measured 
using standardized precipitation indices to 
reduce uncertainty in climate change and water 
shortage assessments. Stochastic precipitation 
modeling for estimating hydrological extremes 
is an important component of flood risk 
assessment and management. The calculation 
of spatially consistent rainfall fields and their 
temporal variability is a challenge that has been 
addressed by various stochastic weather 
generators [9]. Collados-Lara et al. [10] 
analyzed the influence of climate change and 
uncertainty on snow and found acceptable 
adaption mechanisms in water-dependent 
ecosystems. As a result, they proposed a new 
technique for assessing the impact of climate 
change on snow-cover regions. They developed 
a Monte Carlo analysis approach that employed 
various methods to generate multiple input 
series. Possible future local scenarios were 
developed using regional climate models and a 
random weather generator. Li and Sun [11] 

https://tj-es.com/
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presented a novel multisite rainfall generator 
that influences both occurrence and intensity. 
The suggested ensemble of random weather 
generators was shown to be beneficial in 
simulating skewed and heavy data with simple 
physical and statistical interpretations. The use 
of a stochastic weather generator supported by 
large-scale reanalysis data is used to simulate 
hydrometeorological variables at near-daily 
resolution in semi-arid climates, as well as 
regression models driven by a large set of 
covariates, including other 
hydrometeorological variables, large-scale 
variables, and cycles. Seasonal and diurnal, 
geographic information, and memory effects 
were used to simulate hydrometeorological 
variables, which helped to correct bias in 
recreating the statistical features of 
hydrometeorological observations and 
predicting evaporation and water stress [12]. By 
combining the yearly and daily weather 
generators, Ahn [13] developed a novel two-
stage, multivariate, and multisite weather 
generator. They discovered that the suggested 
weather generator reproduced marginal 
distributional patterns, multisite 
interdependence, and climatic variability on a 
daily and yearly basis. In addition, Ahn [13] 
used a quantitative mapping approach to 
include long-term distributional changes in 
generated climatic sequences for use in climate 
change assessments. Thus, the weather 
generator methodology is hierarchical, so the 
weather generator can generate synthetic 
weather sequences with a more realistic range 
of uncertainty and demonstrate the 
effectiveness of the weather generator in 
capturing the prevailing instabilities in inter-
seasonal precipitation and temperature data. In 
addition, it can serve as a spatiotemporal scale 
reducer for seasonal forecasts and multi-
decadal projections [14]. Figure 1 represents the 
LARS-WG model's flow chart, which shows a 
weather generator's representative steps. As 
such, the fundamental purpose of this research 
is to give significant insights into approaches 
utilized in future climate change forecasts, as 
well as to highlight their environmental, 
hydrological, and meteorological 
consequences. Especially those that fall within 
the programming specialization of those 
weather generators, whether it is a 
programming language, program, application, 
or programming code, and all of that software 
has its characteristics, advantages, 
disadvantages, and loopholes, depending on its 
input of data to obtain more accurate and 
realistic outputs. Furthermore, the study 
intends to identify the most widely used 
approaches and decide the optimal one. It 
assists researchers in identifying the 
alternatives and gaps that might be gained in 
this form of research. It also attempts to 

highlight the efforts of researchers in this 
subject and create a map of the research reality 
into a logical classification. Previous 
evaluations, on the other hand, rarely 
addressed this issue. Contributions to this 
article may be submitted in advance on behalf 
of the following list:  

1) The study will be presented in the form 
of a cohesive taxonomy of weather 
generators.  

2) The importance of these weather 
generators will be highlighted, and 
prediction accuracy will be improved. 

3) The findings of prior studies using 
these weather generators will be 
reviewed and presented, including the 
most popular and effective varieties, as 
well as some recommendations for 
future study. 

4) The study's proposed classification of 
relevant literature has significant 
ramifications. 

5) This analysis highlights possible 
research pathways, has the ability to 
reveal research gaps, and gives a map 
of the academic literature on weather 
generators. 

 
Fig. 1 The LARS-WG Model Flow Diagram 

[15]. 

2.WEATHER GENERATORS 
MATHEMATICAL FORMULAS 
The basic concept of the weather generator 
algorithm mainly relies on the use of 
probability distributions. Therefore, the future 
predictions of climate variables produced by the 
weather generators are divided into two main 
groups: the Markov chain and probability 
distribution [16]. The Markov chain method is 
a useful tool for simulating future precipitation 
periods, especially in scenarios where there are 
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disruptions in precipitation gauge readings 
over short periods. This ability is essential to 
maintain continuous precipitation data records 
[17]. The first-order Markov chain method 
achieved better performance, especially in 
modeling wet chains [17–19] second-and third-
order Markov chains were also suitable for 
simulating monthly and annual precipitation 
events, respectively [18], as for applying a high-
order Markov chain. The results indicated an 
exaggeration in the wet series, while it was 
appropriate in the dry series (semi-arid and 
arid regions) and even with long periods of 
drought [18], as shown in the following 
equations: 

Pr (Xt+1 = s|X0 = q0, X1 = q1, …, Xt = qt) 
= Pr (Xt+1 = s|Xt = qt) (1) 

Pr (Xt+1 = s|X0 = q0, X1 = q1, …, Xt = qt) 
= Pr (Xt+1 = s|Xt = qt, Xt−1 = qt−1) (2) 

Pr (Xt+1 = s|X0 = q0, X1 = q1, …, Xt = qt) 
= Pr (Xt+1 = s|Xt = qt, Xt−1 = qt−1, Xt−2 = qt−2) (3) 

Pr (Xt+1 = s|X0 = q0, X1 = q1, …, Xt = qt) 
= Pr (Xt+1 = s|Xt = qt, Xt−1 = qt−1, Xt−2 = qt−2, 
Xt−3 = qt−3) 

(4) 

Pr (Xt+1 = s|X0 = q0, X1 = q1, …, Xt = qt) 
= Pr (Xt+1 = s|Xt = qt, Xt−1 = qt−1, Xt−2 = qt−2, 
Xt−3 = qt−3, Xt−4 = qt−4) 

(5) 

Probability distributions are essential for 
understanding and modeling climate variables, 
a fundamental aspect of weather and climate 
forecasting [20–22]. Different types of 
probability distributions, including normal, 
lognormal, gamma, Weibull, and exponential, 
are used to analyze phenomena and their 
prediction, which shows the flexibility of these 
methods and their ability to adapt to different 
data types and prediction needs [21], as 
expressed in the following equations: 

Normal distribution: 

f (x) = 
𝟏

√𝟐𝝅𝝈²
 . 𝒆(

− (𝒙−𝝁)𝟐

𝟐𝝈
) (6) 

Lognormal distribution: 

f (x) = 
𝟏

√𝟐𝝅𝒙²𝝈²
 . 𝒆(

− (𝑳𝒏(𝒙)−𝝁)𝟐

𝟐𝝈²
) (7) 

Gamma distribution: 

f (x) = 
𝒙(𝜶−𝟏)

𝜷𝜶 𝜞(𝜶)
 . 𝒆

𝒙

𝜷 (8) 

Weibull distribution: 

f (x) = 
𝜶

𝜷
 (

𝒙

𝜷
)𝜶−𝟏 . 𝒆

−(
𝒙

𝜷
)𝜶

 (9) 

Exponential distribution: 

f (x) = λ 𝒆−𝝀𝒙 (10) 
The choice of the most appropriate probability 
distribution often depends on the statistical 
goodness-of-fit tests, which compare observed 
data with values estimated from different 
distributions. This method ensures that the 
chosen model accurately represents the data, 
enhancing the predictions' reliability [20,21]. 
However, the effectiveness of the probability 
distribution method can vary depending on the 
geographical location and the nature of the data 
being analyzed [18,21]. 
3.METHODOLOGY 
The methodology of this study mainly used the 
keyword "Weather generators" to review the 
recent literature relevant to the topic from 
different repositories. The aim was to highlight 
the latest developments in the field and provide 
a better understanding of the possible future 
trends of this subject research. Figure 2 shows 
the arithmetical estimate of the papers 
published between 2000 and 2023 in the 
Scopus database using the relevant keywords. 
Figures 3 and 4 depict the document published 
in the Scopus database according to the subject 
area and country, respectively. 

 
Fig. 2 The Arithmetical Estimate of the Papers Published Between 2000 and 2023 in the Scopus 

Database. 

https://tj-es.com/
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Fig. 3 Documents Published in the Scopus Database According to Subject Area. 

 
Fig. 4 Documents Published in the Scopus Database Based on the Country or Territory. 

3.1.Source of Information  
To search for relevant articles, six online 
resources were used: (1) Scopus, which through 
indications were obtained, showing the volume 
of scientific work in previous studies, (2) IEEE 
Xplore, which contains scientific and technical 
publications, (3) The Web of Science, which 
indexes research from a wide range of scientific 
disciplines, (4) ScienceDirect, it gives access to 
the technical and scientific literature, (5) 
Semantic Scholar, (6) PubMed, and (7) 
Connected Papers. in addition, the websites of 
international organizations and institutions 
specialized in climate change, including IPCC, 
NASA, NOAA, FAO, and WCRP, were searched 
through their research and data. The purpose of 
this selection is to offer a complete overview of 
the status of research in this field by relying on 
a wide variety of relevant publications. 
 
 

3.2.Study Selection  
A lot of research has contributed to preparing 
studies on climate change using weather 
generators. A search of relevant literature 
sources was followed by two rounds of 
screening and filtering to find the relevant 
research. After eliminating any duplicates and 
irrelevant papers from the findings by 
screening their titles and abstracts, the 
remaining articles were submitted to a more 
thorough screening procedure that included 
evaluating the articles' full contents. 
3.3.Search  
The research began at the beginning of 
September 2023 using Scopus, IEEE Xplore, 
ScienceDirect, Web of Science, Semantic 
Scholar, PubMed, and Connected Papers 
databases via their search boxes. A mix of 
keywords was used, i.e., “Weather Generators”, 
“Climate Changes”, and “Meteorological 
Parameters”, besides auxiliary words, such as, 

https://tj-es.com/
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“Applications”, “Program”, “Code ” and 
“Software”, and also “forecasting”, “projection” 
and “prediction” in different variations, 
combined with main words. Furthermore, the 
tools supplied by each search engine were used 
to filter out book chapters and other report 
types in favor of journal and conference articles, 
which were judged to be the most likely to 
include recent and relevant scientific 
publications. 
3.4.Eligibility Criteria 
All articles that matched the requirements were 
incorporated utilizing comprehensive textual 
material. Once duplicate articles were removed, 
any articles that did not match the qualifying 
conditions were excluded. The following 
exclusion criteria were used: 

1) The articles were not written in the 
English language.  

2) The use of weather generators in 
conjunction with climate changes is not 
discussed in the articles. 

3.5.Process of Data Collection  
The included articles were collected from a 
variety of sources. They were compiled into a 
set of folders and organized into a single Excel 
file, with initial classifications by date of 
release, article type, and degree of importance, 
from oldest to newest. All of the papers were 
reviewed, and comprehensive notes on what 
was most intriguing and how to organize the 

articles into a more precise taxonomy were 
taken. All highlighting and annotations were 
done directly on the text. The findings were 
tallied, summarized, and extensively debated. 
The survey articles, summary and description 
tables, source indices, objectives, review 
sources, validation procedures, used datasets, 
and various associated figures were stored in 
separate Word and Excel spreadsheets. For 
ease of reference, all of the relevant information 
was supplied with the results. 
3.6.Co-Occurrence 
Co-occurrence networks are constructed from 
existing literature using common terms. 
Academics, researchers, and practitioners in a 
particular field may benefit from it, mostly due 
to its network structure for analyzing co-
occurring events, which can highlight the 
underlying theoretical frameworks of the 
discipline to understand commonly better used 
terminology. Figure 5 shows its co-occurrence 
networks, which reflect a network of previous 
literature topics. It consists of interconnected 
lines and nodes. In the literature, a stronger 
node indicates more prevalent topics. Weather 
generators are among the terms most used by 
academics in forecasting models of 
meteorological parameters under the influence 
of climate change because researchers may use 
data networks to help them reorganize 
prevailing information and results. 

 
Fig. 5 A Network Structure for Co-Occurrences. 
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4.RESULTS  
4.1.Weather Generators Applications  
Weather generators are computer programs 
that simulate and produce realistic weather 
conditions for various uses. These technologies 
are used in various disciplines, such as climate 
research, agriculture, urban planning, and 
renewable energy. Weather generators may 
produce synthetic weather data that mimics 
real-world conditions by using historical 
climate data and statistical algorithms, 
enabling academics and practitioners to 
investigate the possible implications of climate 
change, improve agricultural practices, build 
robust infrastructure, and evaluate the 
performance of renewable energy systems. 
Weather generators are critical in 
understanding and adjusting to changing 
weather patterns and their repercussions across 
several industries. 
4.2.Weather Generators Classifications 
Weather generators can be classified into two 
ways: Richardson-type or serial approach. In 
the first type, a Markov procedure is used to 
model the occurrence of wet and dry days. A 
functional estimate of the precipitation 
frequency distribution is then used to model the 
amount of precipitation that falls on wet days 
[23]. The remaining climatological variables 
are then calculated using the correlations 
between them and the daily wet/dry status. 
There are numerous successful applications of 
the Richardson-type generator in agriculture, 
environmental management, and hydrology. 
The Richardson-type WG has been criticized for 
its inability to sufficiently characterize the 
duration of both wet and dry series, i.e., 
persistent events like drought and prolonged 
rainfall. In some applications, these can be 
crucial, e.g., agricultural impacts. In the serial 
approach, which was developed by Racsko [24], 
the sequence of dry and wet series is first 
modeled and then models other weather 
variables like precipitation amount and 
temperature as dependent on the wet or dry 
series. 
4.3.Results of Previous Studies 
Many studies and articles have focused on 
weather generators and their use in climate 
change, which has gained the attention of the 
whole world. The present research summarizes 
the most important results of previous studies 
and research on the most prominent weather 
generators used either for reproducing the 
climate data or for future climate changes, as 
shown in Table 1. 
4.3.1.Weather Generator for 
Reproducing Data 
Yiou [25] presented a weather generator called 
AnaWEGE (Analogues of circulation WEather 
Generator) that uses daily temperature patterns 
to predict weather changes. The study area was 
throughout Europe within the historical period 

of 1948-2012. The weather generator's ability to 
simulate European temperatures during winter 
and summer and create long sequences of 
weather data that can help study climate 
variability and extreme conditions was tested. 
Ullrich et al. [10] used AWG (Multisite auto 
regressive Weather Generator) in a study area 
of the Rhine catchment in two countries, i.e., 
Germany and Switzerland, which is among the 
ten largest Eurasian River basins. They used 
data from 1951 to 2003 to simulate future years’ 
length for the occurrence and amounts of daily 
precipitation at different locations. They 
concluded that AWG modeled the spatial 
correlation structure between stations to 
generate realistic rainfall fields. Al-Mukhtar et 
al. [16] utilized CLIGEN (CLImate GENerator) 
to generate daily, monthly, and yearly 
precipitation data for the Bautzen catchment 
area in Germany, based on historical data 
(1991-2010), aiming to reproduce precipitation 
data over 20 years. They evaluated CLIGEN's 
reproducing capability spatially and temporally 
and found it to be adequate for simulating 
rainfall characteristics. Mairech et al. [26] used 
ClimaSG (Climate Stochastic weather 
Generator) to estimate extreme daily and 
monthly values of maximum and minimum 
temperature, solar radiation, rainfall, vapor 
pressure, and wind speed from 1988 to 2017 for 
several locations in Spain. They concluded that 
ClimaSG performed well in predicting monthly 
rainfall in moderate weather; however, it 
performed poorly in very hot or cold 
temperatures. Saha and Ravela [27] assessed a 
stochastic weather generator known as GAN 
(Generative Adversarial Networks) in Cook 
County, which includes Chicago, Illinois, USA, 
to estimate rainfall in the historical period of 
1981-2019 using coarse-resolution climate 
model outputs (0.25° × 0.25°). They reported 
that the GAN successfully downscaled coarse-
resolution climate data to high-resolution 
rainfall fields, which are more detailed and 
useful for risk assessment. Gilewski [28] 
presented the technique known as GEM 
(Generation of weather Elements for Multiple 
applications) for forecasting the hourly and 
daily precipitation in the upper part of the 
Skawa catchment, Poland, for historical periods 
of 2010, 2014, and 2019. It was concluded that 
GEM can predict rainfall for hydrological 
modeling in mountain areas, and it is used for 
event-based flow modeling in small mountain 
catchments. Sommer and Kaplan [29] 
presented GWGEN (Global Weather 
Generator) in their study, which was conducted 
in several locations in the world to estimate 
daily and monthly precipitation, besides 
minimum and maximum temperature. 
GWGEN was used to create daily weather data 
from monthly statistics. The researchers 
concluded that GWGEN performs improperly 
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in terms of spatial and autocorrelated 
multipoint daily downscaling. However, they 
recommended that this additional functionality 
might be implemented in future versions. 
Vallam and Qin [30] utilized KNN-WG (K-
Nearest Neighbor Weather Generator) to 
simulate 30 years of monthly rainfall data in 
Singapore, based on the historical period of 
1980–2009, to reproduce data for 30 years 
during rainy seasons. The improved KNN 
model performed satisfactorily and was able to 
nearly simulate extreme precipitation levels. 
Hartkamp et al. [31] utilized MarkSim in 
northwest Mexico to generate daily and 
monthly values of precipitation, besides the 
maximum and minimum temperatures, aiming 
to reproduce 20 years of data using the 
historical period from 1965 to 1990. The 
authors concluded that the weather generator 
MarkSim created a high inter-annual variability 
and long chains of wet days that are not found 
in observed data. Hernández-Bedolla et al. [32] 
used MASCV (Multivariate Auto-regreSsive 
model of Climate Variables) in the Jucar River 
Basin, located in the eastern part of the Iberian 
Peninsula, Spain, to evaluate precipitation and 
maximum and minimum temperatures in daily 
and monthly modes using the historical period 
of (1950-2015). The MASCV was simulated in 
MATLAB, and the model properly captures the 
temporal tendency of yearly temperatures as 
well as the fluctuation of maximum and 
minimum values. It was capable of simulating 
low-frequency occurrences and reproducing 
the interannual variability of actual data. 
Farhani et al. [33] used a stochastic weather 
generator known as MetGen (Multivariable 
stochastic weather Generator) to estimate sub-
daily values of air temperature, relative air 
humidity, global radiation, and wind speed of 
the historical period (2011-2016) in the 
downstream plain of the Merguellil catchment 
called the Merguellil plain, lying in a semi-arid 
region located in central Tunisia. The MetGen 
model generated sub-daily meteorological data 
and rectified biases in large-scale 
meteorological data, which is critical for 
accurate weather simulations. Mehrotra et al. 
[34] utilized the MRS (Multisite Rainfall 
Simulator) in Sydney, Australia, to evaluate 
rainfall based on a daily mode for the historical 
period of (1979-2008). The researchers showed 
that the model preserves observed year-to-year 
variability, interannual persistence, and 
various daily distributional and spacetime 
dependence attributes. Hermann et al. [35] 
presented MulGETS (Matlab-based weather 
GEneraTor) in the Lobo watershed, located in 
central-western Côte d'Ivoire, to generate daily 
and monthly values of precipitation and 
maximum and minimum temperatures, 
according to the historical data of (1997-2013). 
They showed that the model adequately 

reproduced the meteorological data, where the 
observed and simulated values showed a 
significant correlation. Fodor et al. [36] utilized 
MVWG (Multivariable Weather Generator) in 
the Midwest and Southern regions of the 
United States to assess daily and monthly 
values of precipitation during 1961–1990. They 
concluded that MVWG was able to generate 
accurate weather data for locations with no 
observations located in climatically and 
geographically homogenous areas. Vu et al. [37] 
utilized RainSim (Rainfall Simulation) to 
evaluate stochastic rainfall generators in three 
diverse climatic regions: a Mediterranean 
climate in the western USA, a temperate 
climate of eastern Australia, and a tropical 
monsoon region in northern Vietnam for daily 
and monthly values of precipitation using data 
from the historical period of (1961–1990). The 
authors concluded that RainSim was effective 
in creating patterns of wet and dry spells, 
especially in areas with a lot of rain, like 
Australia and Vietnam. However, RainSim 
performed poorly in drier areas, like the 
western USA, compared to other weather 
generators. The study suggested that RainSim 
is satisfactory for understanding rainfall 
patterns; however, it may not be the best choice 
for every climate. Fu et al. [38] utilized R-
GENERAT-PREC (R-multisite PRECipitation 
GENERATor) in the Gloucester catchment in 
Australia to estimate daily and monthly values 
of rainfall based on the historical period (1923-
2012). The R-GENERAT-PREC weather 
generator was good for creating daily rainfall 
patterns that look like real data, including how 
often it rains and how much rain falls. Wang et 
al. [39] utilized R-GLIM-CLIM (R-Generalised 
LInear Model for daily CLIMate time series) in 
the eastern USA to evaluate temperature, 
precipitation, and wind speed in daily and 
monthly modes by using two historical periods, 
i.e., 1958–2015 and 1959–2016. R-GLIM-CLIM 
passed the stationarity test at more stations 
than quantile mapping. It was less affected by 
an increase in the resolution of input data. 
However, the method could not reliably 
downscale the entire marginal distribution or 
time series of precipitation. Cordano and Eccel 
[40] assessed R-MAW-GEN (R-Multisite 
Autoregressive Weather GENerator) in the 
Trentino region in the North-Eastern Italian 
Alps to generate daily precipitation using the 
historical period of (1961-1990). They proved 
that R-MAW-GEN can generate daily 
maximum and minimum temperatures and 
precipitation series that match real 
observations. It also preserves the temporal and 
spatial correlations among weather variables. 
Ullrich et al. [9] utilized RWG (Raster-based 
resampling Weather Generator) in the Rhine 
catchment, spanning two countries—Germany 
and Switzerland, among the ten largest 
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Eurasian River basins, using data from 1951 to 
2003 to estimate daily precipitation values. 
They showed that RWG tends to slightly 
underestimate observed extreme weather; 
however, it still provides satisfactory results for 
understanding climate changes. Soltani and 
Hoogenboom [41] utilized SIMMETEO in five 
contrasting climate locations in Iran to estimate 
precipitation, solar radiation, maximum and 
minimum temperatures in daily and monthly 
modes using data from 1966−1995 to reproduce 
30 years. As a result, SIMMETEO was 
discovered to be less sensitive to the volume of 
input data. Ng et al. [42] assessed TCRG 
(Tropical Climate Rainfall Generator) in the 
Kelantan River Basin in Malaysia to evaluate 
daily rainfall using data from 1953 to 2012. 
They demonstrated that TCRG is superior for 
simulating rainfall occurrence and retaining 
low-frequency variability of wet spells, 
according to its spectrum correction technique, 
which successfully preserves seasonal and 
inter-annual rainfall variability. Flecher et al. 
[43] used WACS‐Gen (Weather state Approach 
with a multivariate Closed Skew‐normal 
GENerator) in Colmar, France, to simulate 
minimum and maximum temperatures, global 
radiation, wind speed, and precipitation based 
on a daily mode using data from 1973 to 1992. 
The study concluded that the weather generator 
WACS-Gen simulated radiation and wind 
dispersion more accurately than other 
parameters. Chen et al. [44] used WeaGETS in 
two Canadian meteorological stations to 
estimate precipitation, maximum and 
minimum temperatures in daily, monthly, and 
yearly modes using data from 1891-2008 in 
Ottawa and 1947-2006 in Churchill. They 
revealed that the tool is especially good at 
keeping track of how often weather patterns 
change over months and years, which is 
important for understanding long-term trends. 
Additionally, they argued that WeaGETS is 
generally reliable; however, it sometimes does 
not accurately capture the all-time lowest 
temperatures, especially for the Churchill 
station. It also tends to underestimate the 
longest dry spells, which is a slight downside for 
the dry Churchill station. WeaGETS is seen as a 
useful tool for making weather data, but like all 
tools, it is not perfect and could be better in 
some areas. Vu et al. [37] utilized WeatherMan 
(Weather and Manage) to assess daily and 
monthly values of precipitation in three diverse 
climatic regions: a Mediterranean climate in 
the western USA, a temperate climate of eastern 
Australia, and a tropical monsoon region in 
northern Vietnam for predicting daily and 
monthly values of precipitation based on the 
historical period of (1961–1990). They 
suggested WeatherMan as a good tool for 
generating precipitation occurrence statistics 
across different climatic regions. Muza [45] 

used WGEN (Weather GENerator) in São 
Paulo, Southeastern Brazil, to estimate daily 
and monthly values of precipitation and 
maximum and minimum temperatures using 
historical data from 1961 to 2011. The study 
concluded that WGEN was good for 
reproducing daily weather details from 
monthly data for São Paulo and matching real 
weather patterns well. Also, it worked well for 
showing rain and temperature day by day, 
which is hard for some climate models. On the 
other side, WGEN's performance was 
satisfactory in showing how often and how 
severe weather events occur, such as heavy rain 
or extremely hot days. Although it did not 
perfectly show changes in weather from season 
to season or very rapid changes, it was still 
useful. 
4.3.2.Weather Generators for Future 
Climate Changes  
Qian et al. [46] used a stochastic weather 
generator known as AAFC-WG (Agriculture 
and Agri-Food Canada) to estimate extreme 
daily values of maximum and minimum 
temperatures and precipitation using data from 
the historical period of (1961-1990) to generate 
future data for the time period of (2040–2069) 
for the agricultural regions of Canada using four 
global climate models: CGCM3, HadCM3, 
ECHAM5/MPI-OM, and CSIRO-Mk3.5. Their 
results revealed that the AAFC-WG provided 
more detail at the finer spatial scale. Yang et al. 
[47] utilized AWE-GEN (Advanced WEather 
GENerator) to simulate hourly rainfall patterns 
for climate change impact studies in the Ru 
River Basin, China. They utilized the historical 
period data of (1970-1999) to generate rainfall 
projections for the future period of 2040-2099, 
assessing the impact of climate change on water 
movement and nutrient flow in a heavily 
polluted river basin. They revealed an 
improvement in the performance of rainfall 
simulation by determining optimal aggregation 
intervals for the hourly rainfall series. Vesely et 
al. [48] used Climak to assess the impacts of 
climate changes up to 2040 on precipitation 
and air temperature at 15 sites worldwide, 
utilizing data from the historical period of 
(1986–2005). They found that the use of 
Climak as a weather generator can significantly 
enhance the results of future climate changes. 
Osborn et al. [49] utilized ClimGen (Climate 
Generator) in India to estimate monthly values 
of precipitation and temperature in two 
historical periods (1961-1990 and 1950-1999) 
to generate future data for 2051-2100 using 39 
GCMs. They concluded that ClimGen facilitated 
the comparison of climate projections from 
different climate models. Forsythe et al. [50] 
utilized the CRU-WG (Climatic Research Unit 
daily Weather Generator) in a semi-arid climate 
area of the Upper Indus Basin in Pakistan to 
evaluate daily and monthly precipitation and 
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temperature using two historical periods of 
(1961-1990) and (1979-2007) for forecasting 
the future period of (2071-2100). They reported 
the importance of using multiple climate model 
ensembles to capture uncertainty in future 
projections. Xu et al. [51] evaluated the 
performance of the GiST model (GeoSpatial–
Temporal weather generator) for simulating 
precipitation in the Qiantang River Basin, East 
China, based on daily and monthly modes using 
data from 1961 to 1990 to generate future 
climate data of (2071-2100). The researchers 
aimed to use the GiST model to generate 
synthetic weather data that considers the 
spatial structure of weather data and also to 
investigate future changes in precipitation 
under climate change. Doaa and Ruqayah [52] 
utilized LARS-WG (Long Ashton Research 
Station Weather Generator) in the Upper Zab 
basin, a tributary of the Tigris River, to forecast 
daily values of rainfall and 
maximum/minimum temperatures for the 
future period of (2021-2040) using historical 
data, i.e., 1990-2021. Five GCMs were selected 
for climate projection analysis under two 
typical concentration path scenarios: viz. 
RCP4.5 and RCP8.5. The authors revealed a 
superior performance of LARS-WG simulations 
in terms of prediction accuracy, where the 
results were in parallel with previous research 
[53–56]. Liu et al. [57] used MODAWEC 
(MOnthly to DAily WEather Convertor) in the 
Arlington Agricultural Research Station–USA 
to project daily and monthly values of 
precipitation, maximum and minimum 
temperature for the period of 2001-2100 using 
historical data of (1958-1991). The researchers 
concluded from monthly statistics that the 
MODAWEC model effectively generated daily 
weather data. However, the study indicated that 
the MODAWEC model may incorrectly 
reproduce extreme weather events. Al-Mukhtar 
and Qasim [58] presented SDSM (Statistical 
DownScaling Model) to project temperature 
and precipitation, during three future periods: 
2011-2040, 2041-2070, and 2071-2099 based 
on a daily mode using the historical period 
(1961-1990) in twelve locations distributed 
throughout Iraq by using the Canadian GCM 
model (CanESM2) under various scenarios, i.e., 
RCP2.5, RCP4.5, and RCP6.5. The authors 
concluded that the downscaled models SDSM 
can reduce the uncertainties in projections to 
obtain more reliable future predictions. Smith 
et al. [59] used SHArP (Stochastic Harmonic 

Auto-regressive Parametric) in northern Utah, 
USA, to evaluate daily values for precipitation 
and temperature for a future period (up to 
2100) using the historical data of (1950–2005). 
The SHArP weather generator can properly 
simulate weather at numerous sites 
simultaneously, preserving individual site 
statistics and spatial correlation. Despite 
detecting major spatial and temporal 
disparities in observed temperature covariance, 
SHArP delivers realistic hydrologic models and 
handles complex terrain. Dubrovsky et al. [60] 
used SPAGETTA (SPAtial GEneraTor, Trend 
Analysis and Tyrolian Alps) in eight European 
regions to estimate daily values of precipitation 
and temperature from 2071 to 2100 using the 
historical period (1961–1990). The weather 
generator produced an excellent match for the 
frequency of regionally hot days and the length 
of spatially hot periods. Demonstrating that 
SPAGETTA accurately captures spatial 
temperature characteristics when compared to 
observed data. Glenis et al. [61] used UKCP09 
(UK-Climate Projections) in the United 
Kingdom to estimate daily values of rainfall and 
potential evapotranspiration during (2010-
2099) using the historical data of (1961-2000). 
The study concluded that the weather generator 
UKCP09 is satisfactory as it allows for a 
detailed examination of the potential impacts of 
climate model uncertainties on water 
resources. Yaqubi et al. [62] applied UWG 
(Urban Weather Generator) in the city of 
Nantes, France, to estimate temperature, 
relative humidity, and wind speed in hourly and 
monthly modes during 2040-2070, using three 
dynamically downscaled models generated 
from RCMs: IPSL-SMHI, CNRM-ALADIN, and 
MPI-REMO. The UWG forecasted the urban 
heat island influence on future weather data. 
The study showed the need to employ two 
weather files and at least two overheating 
indices for accurate results. Aliabadi et al. [63] 
used VCWG (Vertical City Weather Generator) 
in Toronto, a cold Canadian city, to assess the 
temperature of hourly, daily, and monthly 
modes from 2020 to 2100 using data from 
2020, 2021, and 2022. They used two 
Representative Concentration Pathways: 
RCP4.5 and RCP8.5. The authors concluded 
that the weather generator VCWG successfully 
predicted the impact of different building 
retrofits. The model is considered 
computationally fast, which is beneficial for 
practical applications. 
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Table 1 Summary of Previous Studies. 

No. WG-Model Authors 
Study  
Year 

Study  
Area 

Data  
Period 

Scale  Predictors Accuracy Measures 
Projection  

Period  

1 AAFC-WG [46]  2010 Canada 1961-1990 Daily P, Tmax, Tmin 
L-moments, GEV, Monte 

Carlo 
 2040–2069 

2 AnaWEGE [25]  2014 Europe 1948-2012 Daily T ـــــــــ ـ ـــــــــ ـ 

3 AWE-GEN  [47]  2020 China 1970-1999 Hourly P 
Mean, maximum, standard 
deviation, skewness, (K-S) 

test 
2040-2099 

4 AWG [9]  2021 
Germany and 
Switzerland 

1951-2003 Daily P Mean, average 
undefined, 
but use 53 

years  

5 CLIGEN [16]  2014 Germany 

1991-2010, 
2004-
2010, 

2005-2010 

Daily, monthly, 
annual 

P 

Mean, average, maximum, 
minimum, standard 

deviation, MAREs, (K–S) 
test, Mann–Whitney test, 

Levene’s test 

undefined, 
but use 20 

years  

6 CLIMAK [48]  2019 
multiple sites 

worldwide 
1986-2005 Daily P, Tair (ANOVA) test At 2040 only 

7 ClimaSG [26] 2022 Spain 1988-2017 Daily, monthly 
Tmax, Tmin,  
S.RAD, P, 
Pvapor, W.S 

Mean, average, variation, 
maximum, minimum, 

standard deviation, CV, (KS) 
test, r², MAE, MBE, RMSE 

 ـــــــــ ـ

8 ClimGen [49]  2016 India 
1961-1990 
1950-1999 

Monthly P, T 
Mean, average, variation,   

standard deviation 
2051–2100 

9 CRU-WG [50]  2014 Pakistan 
1961-1990 
1979-2007 

Daily, monthly P, T 

Mean, average, maximum, 
minimum, skewness, 

Pearson's correlation, T-test, 
Von Neumann ratio test, 

RMSE,  

2071-2100 

10 GAN [27] 2022 USA 1981-2019 ـــــــــ ـ P  
mean, average, bias,  
standard error, CGP 

 ـــــــــ ـ

11 GEM [28]  2022 Poland 
2010,  
2014,  
2019 

Hourly, daily P 

 Mean, average,  standard 
deviation, NSE, RMSE, 

P.bias, Pearson’s correlation 
coefficient (r)  

 ـــــــــ ـ

12 GiST [51]  2014 China 1961–1990 Daily, monthly P 
 Mean, average,  standard 

deviation 
2071-2100 

13 GWGEN [29] 2017 worldwide 
undefined, 
but use 120 
last years 

Daily, monthly p, Tmax, Tmin 
Mean, standard deviation, 
SE, Q–Q plots, (K-S) test 

 ـــــــــ ـ

14 KNN-WG [30]  2016 Singapore 1980–2010 Monthly P 

Mean, average, variation, 
maximum, minimum, 

standard deviation, RMSE, 
R² 

undefined, 
but use 30 

years  

15 LARS-WG [52]  2024 Iraq 1990-2021 Daily P, Tmax, Tmin 
Mean, average, maximum, 

minimum, (K-S) test 
2021-2040 

16 MarkSim [31]  2003 Mexico 1965-1990 Daily, monthly p, Tmax, Tmin 

Mean, average, maximum, 
minimum, standard 

deviation, T-test, signed rank 
test, Wilcoxon test,  

undefined, 
but use 20 

years  

17 MASCV [32]  2022 Spain 1950-2015 Daily, monthly p, Tmax, Tmin 

Mean, average, maximum, 
minimum, standard 

deviation, MAE, RMSE, PE, 
chi-squared test, (K-S) test, 
T-test, F-test, Wilcoxon test,  

skewness coefficient 

undefined, 
but use 66 

years  

18 MetGen [33]  2022 Tunisia 2011-2016 Sub-daily 
Tair, R.H., 

G.RAD, W.S 

Mean, average, maximum, 
minimum, standard 
deviation, RMSEs, 

 Q–Q plots,  

 ـــــــــ ـ

19 MODAWEC [57]  2009 USA 1958-1991 Daily, monthly p, Tmax, Tmin 
Mean, average, maximum, 

minimum, standard 
deviation, NMSE, r², F-test 

2001-2100 

20 MRS [34]  2015 Australia 1979-2008 Daily P 
Mean, average, variation, 

maximum, minimum, 
standard deviation 

 ـــــــــ ـ

21 MulGETS [35] 2020 Côte d'Ivoire 1997-2013 Daily, monthly p, Tmax, Tmin 
Mean, average, maximum, 

minimum, standard 
deviation, R² 

 ـــــــــ ـ

22 MVWG [36]  2013 USA 1961–1990 Daily, monthly P 

Mean, average, maximum, 
minimum, standard 

deviation, U-test,  
t-tests, Res 

 ـــــــــ ـ

23 RainSim [37]  2018 
USA, Australia, 

and Vietnam 
1961–1990 Daily, monthly P 

Mean, average, maximum, 
minimum, standard 

deviation, skewness, (Q-Q) 
plots, Wilcoxon tests, KS-

test, NSE, and MAE  

 ـــــــــ ـ

24 R-GENERAT-PREC [38]  2017 Australia 1923-2012 Daily, monthly P CV, SD, REs, and R ـــــــــ ـ 

25 R-GLIM-CLIM [39] 2017 USA 
1958–2015 
1959–2016 

Daily, monthly P, T, W.S 

Mean, average, maximum, 
minimum, standard 

deviation, RMSEs, and 
Wilcoxon tests 

 ـــــــــ ـ

26 R-MAW-GEN [40]  2016 Italy 1961 -1990 Daily P 
Mean, maximum, minimum, 

standard deviation, (Q-Q) 
plots, and (K-S) test 

 ـــــــــ ـ
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27 RWG [9]  2021 
Germany and 
Switzerland 

1951-2003 Daily P Mean, average 
undefined, 
but use 53 

years  

28 SDSM [58]  2019 Iraq 1961-1990 Daily p, Tmax, Tmin 
Mean, maximum, minimum, 

R2, NSE, and RMSE 

2011-2040 
2041-2070 
2071-2099 

29 SHArP [59]  2018 USA 1950–2005 Daily P, T 

Mean, average, variation, 
maximum, minimum, 

standard deviation, and  (Q-
Q) plots 

1950–2100 

30 SIMMETEO [41]  2003 Iran 1966−1995 Daily, monthly 
p, Tmax, Tmin,  

S.RAD 

Mean, average, maximum, 
minimum, standard 

deviation, T-test, F-test, and 
Se 

undefined, 
but use 30 

years  

31 SPAGETTA [60]  2019 
eight European 

regions 
1961–1990 Daily P, T 

Mean, average, maximum, 
minimum, standard 

deviation, R 
2071–2100 

32 TCRG [42]  2017 Malaysia 1953–2012 Daily P 

Mean, average, maximum, 
minimum, standard 
deviation, skewness 

coefficient, Scatter plots, 
MAPE, (K–S) test, Wilcoxon 
test, Squared ranks tests, and 

k 

 ـــــــــ ـ

33 UKCP09 [61]  2015 United Kingdom 1961-2000 Daily P, PET 
Mean, average, maximum, 
minimum, and skewness 

coefficient 
2010-2099 

34 UWG [62]  2022 France 2003 Hourly, monthly T, R.H, W.S Mean, average, and variation 2040-2070 

35 VCWG [63] 2023 Canada 
2020, 

2021, 2022 
Hourly, Daily, 

Monthly 
T 

Mean, average, variation, 
maximum, minimum, and 

standard deviation 
2020-2100 

36 WACS‐Gen [43]  2010 France 1973-1992 Daily 
p, Tmax, Tmin,  
G.RAD, W.S 

Mean, average, maximum, 
minimum, standard 

deviation, skewness, R, and 
(Q-Q) plots 

 ـــــــــ ـ

37 WeaGets [44]  2012 Canada 
1891-2008 
1947-2006 

Daily, monthly, 
yearly 

p, Tmax, Tmin 

Mean, average, variation, 
maximum, minimum, 

standard deviation, MAREs, 
and R 

undefined, 
but use 10 

years  

38 WeatherMan [37] 2018 
USA, Australia, 

and Vietnam 
1961–1990 Daily, monthly P 

Mean, average,  maximum, 
minimum, standard 

deviation, skewness, (Q-Q) 
plots, Wilcoxon tests, KS-

test, NSE, and MAE  

 ـــــــــ ـ

39 WGEN [45] 2014 Brazil 1961-2011 Daily, monthly p, Tmax, Tmin 

Mean, average, maximum, 
minimum, standard 

deviation, RMS, Monte Carlo 
test, and correlation of 

Pearson coefficient 

undefined, 
but use 50 

years  

 
5..DISCUSSION 
The main objective of this research is to provide 
relevant information on various weather 
generators, as previously classified in the 
present research based on previous studies and 
research. For a variety of reasons, the operation 
of a weather generator must be accurate to be 
used in the management of water resources 
efficiently. At that point, the models could also 
be implemented in the diagnosis of future 
weather and climate by analyzing them within 
hydrological, climatic, and agricultural 
indicators, as well as drought indicators. 
Furthermore, the calculation of water budgets 
and the analysis of water balances, particularly 
in arid environments where rainfall and 
temperatures fluctuate, in addition to the other 
parameters included in the calculations of 
weather forecasting and climate change, might 
be further analyzed. As a result, decision-
makers have greatly benefited from using 
weather generators that provide them with a 
clear scientific understanding. This paper 
reviews studies and research on weather 
generators, which were investigated in depth, 
according to the types and categories indicated 
in the research. The papers included in this 

study demonstrated an increasing trend toward 
using high-accuracy methodologies that 
provide plausible and close-to-real-world 
outcomes through verification and 
mathematical, statistical, and programming 
testing. Furthermore, worldwide climate 
change websites have been improved by 
showing the data and models used to analyze 
previous data as inputs for weather generators, 
thereby producing future data. This survey 
stands out from many earlier studies because of 
its distinctiveness and concentration on the 
literature on weather generators and their 
relationship to climate change. The evolution of 
the classification of published works imposes a 
structure on the mass of publications. On the 
other hand, the categorization structure 
provides scientists with important context for 
their study. It starts with identifying 
prospective paths of inquiry in the region. 
Second, the classification might show research 
gaps that may be used to determine prospective 
future directions. This research classified 
weather generators into two categories: 
Richardson-type and serial approach. In the 
first type, a Markov chain defines a particular 
day's state as "wet" or "dry" and specifies the 
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relationship between the current and prior 
days' states. Most of the Markov chain models 
are first-order models. Although the first-order 
model is satisfying, the findings of the longer 
simulated drought wave were somewhat 
shorter than the observed results, which might 
be due to the short-term memory of the first-
order Markov model [64]. To solve this 
constraint, it is recommended to utilize a 
second or higher-order Markov chain. In 
tropical locations, the second-order Markov 
chain has an optimal value for forecasting 
monthly rainfall, whereas the third-order is the 
best for calculating yearly rainfall [65]. In 
subtropical locations with four seasons, the 
forecast of daily rainfall in the summer is better 
than in the other seasons [66]. Parametric 
probabilities, i.e., single parameters such as 
exponential [64] or multiparameters, such as 
gamma [64,65,67–69], Weibull [64,70], 
normal/Gaussian [69,71], lognormal [65], 
mixed exponential [64,65,70], hybrid 
exponential [64,65,72], and skew-normal 
[64,65] are typically used to generate rainfall 
quantities. Meanwhile, the K-nearest neighbor 
is commonly used as a non-parametric 
probability [73]. Most researchers suggest that 
the three-parameter distribution produces 
better results than alternative models [64,70]. 
Three-parameter distributions, such as the 
mixed exponential distribution, are more 
effective in reproducing daily precipitation 
variance in the subtropics. In contrast, the 
skewed normal and Weibull distributions 
better reflect the features of excessive rainfall at 
the >95th percentile [64]. In the tropics, the 
mixed exponential (three parameters) is highly 
suited for predicting the mean and maximum 
values on the hourly scale, in comparison to 
Weibull (two parameters) [70]. Spatiotemporal 
fluctuations also impact the distribution 
model's applicability; therefore, not all three-
parameter distributions are preferable. 
Statistical testing showed an insignificant 
difference in the performance of one-, two-, and 
three-parameter distributions [65]. The 
exponential (one parameter) and lognormal 
(two parameters) distributions outperform 
other distributions at high values [65], while 
the double gamma distribution (two 
parameters) may represent both heavy and 
average rainfall at the same time [68]. The most 
prevalent types of weather generators employ 
Markov chain techniques, including WGEN, 
CLIMGEN, CLIGEN, WeaGETS, and 
MulGETS. In several studies, Chen and Brissett 
[74] evaluated SWGs to generate data on 
rainfall in China's Loss Plateau region. By using 
WGEN, CLIGEN, and CLIMGEN, 2-state of 
first-order Markov chains are used to generate 
events of precipitation. WGEN utilizes gamma, 
CLIMGEN uses Weibull, and CLIMGEN 
employs a skewed distribution to calculate 

precipitation. WeaGETS employs a third-order 
Markov chain and a mixed exponential 
distribution. Weather generators based on 
three parameters, like CLIGEN and WEAGETS, 
often outperform two-parameter distributions, 
like CLIMGEN and WGEN, for modeling daily 
precipitation levels, particularly when 
simulating extreme rainfall. 
6.CONCLUSIONS 
A comprehensive review of previously 
published literature on applying weather 
generators models around the world was 
conducted in this study to provide a better 
understanding of the models’ capabilities. The 
drawbacks and shortcomings of each model 
type, i.e., the Richardson type and the serial 
one, were also discussed. The reviewed papers 
were addressed in terms of time scales, 
methodologies, and climate parameters. The 
review revealed that the major objectives for 
utilizing stochastic weather generators models 
are either to reproduce climatic data, statistical 
downscaling, projecting future data trends, or 
evaluating extreme values. The stochastic 
climate model is considered the most common 
tool utilized for data creation and statistical 
downscaling. These stochastic models' 
performance varies based on the study area, 
weather conditions, and length of the span. 
Spatiotemporal variations and parameter 
selection might all explain the disparities in 
model findings. The stochastic weather 
generator model is simple and effective, and the 
spatial and temporal scale, as well as the model 
type, may be tailored to the study objectives. 
The more collection of models used, the more 
favorable the results. Generally, the stochastic 
model is highly adaptable to the demands of the 
user despite some application shortcomings 
and drawbacks. However, by adapting cutting-
edge machine learning methods, such as deep 
learning approaches along with the weather 
generators, it is anticipated that the 
performance of the stochastic generators will be 
enhanced, providing more accurate reanalyzed 
or future data. The machine learning methods 
should be the future trend studies for the sake 
of the development of weather generators 
implementations. 
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ABBREVIATIONS 
(ANOVA) 
test                  

Analysis of Variance 

(KS) test Kolmogorov-Smirnov test 
(K-S) test Kolmogorov-Smirnov tests 
(Q-Q) plots                  Quantile-quantile plots 
AEs Absolute Errors 
CFs Change Factors 
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CGP Conditional Gaussian Process 
CMIP                                  Climate Model Intercomparison Project 
CV Coefficient of Variation 
DS Relative Difference in Standard Deviation 
ē Bias 
ET Evapotranspiration 
FAO Food and Agriculture Organization of the 

United Nations 
F-test F-Test Statistic 
G.RAD Global Radiation 
GCM Global Climate Model 
GEV Generalized Extreme Value 
H Humidity 
IPCC Intergovernmental Panel on Climate Change 
k Kurtosis Coefficient 
KT Correction coefficient 
L-moments                    L-statistics 
LS-error Least Squares Error 
MAE Mean Absolute Error 
MAEs Mean Absolute Errors 
MAREs Mean Absolute Relative Errors 
MBE Mean Bias Error 
MBE Mean Bias Error 
MedAE Median Absolute Error 
MOS Mean Opinion Score tests 
MX.5P Mean Daily Maximum 30-min 
NASA National Aeronautics and Space 

Administration 
NMSE Normalized Mean Square Error 
NOAA National Oceanic and Atmospheric 

Administration 
NRMSE Normal Square Root Mean Error 
NSE Nash-Sutcliff Efficiency 
P Precipitation 
P(W|D) Dry Day Probability 
P(W|W) Wet Day Probability 
P.BIAS Percent Bias 
Patm Atmospheric Pressure 
PE Percent Error Estimate 
PET Potential Evapotranspiration 
Pr Partial Correlation Coefficient 
PSNR Peak Signal-to-Noise Ratio 
Pvapor Vapor Pressure 
QUMP Quantifying Uncertainty in Model Predictions 
R Correlation Coefficient 
R.H Relative Humidity 
R² Determination Coefficient 
r² Determination Coefficient  
Ra Solar radiation 
Rb Relative Bias 
RCM Regional Climate Model 
RCP Representative Concentration Pathway 
REs Relative Errors 
RMSE Root Mean Square Error 
Rs Relative Standard Error 
S.RAD Solar Radiation 
SDEV Standard Deviation 
Se Standard Error 
SE Standard Error 
SKEW Skewness Coefficient 
SSIM Structural Similarity Index 
SVM Support Vector Machines 
SWG Stochastic Weather Generator 
T Temperature 
Tair Air Temperature 
TimePk Peak Time 
Tmax Maximum Temperature 
Tmin Minimum Temperature 
t-test Hypothesis Test Statistic 
W.S. Wind Speed 
WCRP World Climate Research Programme 
WG Weather Generator 
μ                                                Mean 
σ                                                Standard Deviation 
X                                               Variable Value 
Γ                                                Gamma Function 
λ                                                Estimated Parameter 
β                                                Scale Parameter 
α                                                Shape Parameter 

t                                                 Day Number 
Pr                                              Transitional Probability 
s                                                 State of Precipitation of the Next Day 
q                                                State of Precipitation of the Previous Day 
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