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Abstract

Future climate change scenarios are usually hy-
pothesized using simulations from weather gen-
erators. However, there only a few works com-
paring and evaluating promising deep learning
models for weather generation against classical
approaches. This study shows preliminary results
making such evaluations for the multisite precip-
itation synthesis task. We compared two open-
source weather generators: IBMWeathergen (an
extension of the Weathergen library) and RGener-
atePrec, and two deep generative models: GAN
and VAE, on a variety of metrics. Our preliminary
results can serve as a guide for improving the de-
sign of deep learning architectures and algorithms
for the multisite precipitation synthesis task.

1. Introduction

Stochastic weather generators are a common statistical
downscaling tool that explicitly utilize the probabilistic na-
ture of physical phenomena to model the marginal, temporal
and sometimes spatial aspects of meteorological variables.
They were first conceptualized by (Richardson, 1981) and
have since become widely used to produce long surrogate
time series and downscale future climate projections for
climate impact assessments (e.g. Kilsby et al. (2007)). They
remain in wide use today (e.g., Vesely et al. (2019)).

Stochastic weather generation poses a number of unique
challenges and have received recent attention from the ma-
chine learning community (e.g., Li et al. (2021), Puchko
et al. (2020)). For example, the data being modeled can be
highly-imbalanced, contain spatio-temporal dependencies
and exhibit various anomalies — e,g., extreme weather events
— exacerbated by anthropogenic climate change.

Motivated by the absence of work comparing and evalu-
ating stochastic and deep generative weather generators,
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we hereby perform a systematic evaluation of four weather
generators for multisite precipitation synthesis: two open-
source stochastic weather generators — the IBMWeather-
gen (an extension of the weathergen library; ) and RGen-
eratePrec; and two deep generative models based on GAN
and VAE architectures. The four weather generators are
evaluated for Palghar, India which experiences heavy rain-
fall during the southwestern summer monsoons from July
through September. This provides a challenging, highly-
imbalanced precipitation dataset for synthetic generation.
We used several metrics commonly used in literature to
compare the empirical distribution of the simulations and
observations and different patterns found in data like dry and
well counts, dry and well spell lengths, total annual/monthly
precipitation, and wet counts (Mehan et al., 2017; Tseng
et al., 2020; Mehrotra et al., 2006; Semenov et al., 1998).

2. Data and Methods
2.1. Palghar Moonson Dataset

Daily precipitation data for Palghar, India is from the Cli-
mate Hazards Group Infrared Precipitation with Stations
v2.0 (CHIRPS) dataset. It contains global interpolated daily
precipitation values at a spatial resolution of 0.05°. We
constructed a dataset for training the weather generators by
gathering the daily precipitation data from CHIRPS from
the period 01/01/1981 to 31/12/2009 within a bounding box
corresponding to the latitude longitude pairs: 19° N, 72°E
and 20° N, 73°E. The bounding box contains 400 latitude
and longitude pairs (sites) with precipitation values.

2.2. Weather generators
2.2.1. IBMWEATHERGEN

We customized the weathergen singlesite library to perform
multisite precipitation generation. Our implementation fol-
lows the methodology described in (Apipattanavis et al.,
2007) and includes an ARIMA forecasting component as
in (Steinschneider & Brown, 2012). The occurrence model
uses a first-order homogeneous Markov chain per month
with three sequence states (dry, wet, and extreme). An
ARIMA model captures the low-frequency trend of the in-
terannual variability of the annual precipitation. For the
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precipitation model, IBMWeathergen uses a KNN 1-lag
bootstrap resampler' and a KDE estimator. The model has
extrapolation capabilities given by the ARIMA component
and spatial coherence is guaranteed through the use of the
resampling technique (Apipattanavis et al., 2007).

2.2.2. RGENERATEPREC

The RGeneratePrec model models temporal occurrence us-
ing a heterogeneous Markov chain per month with a proba-
bility transition matrix estimated through Generalized linear
models with the logit link function. The multisite precipi-
tation occurrence follows Wilks’ approach (Wilks, 1998),
which estimates binary states of precipitation amounts for
each site as a function of the probability integral transform
of Gaussian random numbers constrained to the probability
transition matrix of the temporal occurrence model. The pre-
cipitation amount is generated for the corresponding states
using a copula model based on a non-parametric distribution
of the monthly observed samples (Cordano et al., 2016).

2.2.3. VAE (KINGMA & WELLING, 2014)

We used an encoder that gets 32232232 input data with two
convolution blocks followed by a bottleneck dense layer
and two dense layers for optimizing (., and o, that hold
the latent space that is sampled to derive a normally dis-
tributed z. We reduce the input dimension by four before
submitting the outcome to the bottleneck dense layer using
a down-sampling stage per convolutional block. We applied
RELU after the convolutional and dense layers. Input z
goes into the decoder and into a dense layer to be reshaped
into 256 activation maps of size 8z8x8. These maps are
inputs to consecutive transposed convolution layers that up-
sampling the data up to the original 32232232 size. A final
convolution using one filter is applied to get the outcome.

2.2.4. GAN (GOODFELLOW ET AL., 2014)

We used similar architectures. The generator’s encoder re-
ceives 32232232 input data and applies two convolution
blocks followed by a bottleneck dense layer. The decoder
receives the encoder output and feeds it to a dense layer to
be reshaped into 256 activation maps with a size of 8x8z8.
These maps serve as input to consecutive transposed con-
volution layers that up-sampling the data up to the original
32232232 size. The discriminator network uses an encoder
architecture with a classification layer to implement the
discrimination loss used to train the generator network.

!1-lag refers to the resampling process being constrained to the
sequence of two consecutive days given by the first-order Markov
chain

3. Preliminary results

We use the IBMWeathergen and the RGeneratedPrec to gen-
erate 50 simulations for each of the 29 years of the dataset
within the described bounding box. For the VAE and the
GAN models, we generated 32 representative days of the
monsoon period for the bounding box in analysis® Figure
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Figure 1. QQ-plot of observed vs. simulated precipitation values.

1 shows a comparison of the empirical distributions of ob-
served and simulated values in terms of QQ-plots without
considering the spatial locations and time of the year. We
observed that up to 100 mm/day, the IBMWeathergen and
the RGeneratePrec models perform similarly. From the
DL side, the VAE follows the diagonal line closely, and
the GAN fails to have a good representation of the distri-
bution. Also, at dry observed days (0 mm/day) both VAE
and GAN overestimate the wet days. We investigated the
weather generators’ simulated distribution in more detail
as a function of several quantitative measurements without
considering the spatial locations and time of the year. Figure
2 shows this comparison in terms of the moments (mean,
standard deviation?, skewness and kurtosis) and four quan-
titative measurements (coefficient of variation, wet counts,
dry counts, and maximum values). In these results, the
IBMWeathergen and the RGeneratePrec simulations repre-
sent the observed moments and quantitative measurements
(dashed blue line). The GAN and the VAE models have a
good approximation of the skewness, however they overes-
timate the mean, kurtosis, wet counts, and maximum values
and underestimate the coefficient of variation and the dry
counts. We performed the same analysis as above in the fol-
lowing experiment, although the moments and quantitative
measurements were computed per simulation. Each point
within the (Fig. 3) corresponds to a moment or quantita-
tive measurement estimated from the precipitation values
from individual simulations (without considering the spa-

2This approach of generating 32 days for representing the mon-
soon period was due to the scarcity of data for training this kind of
model.

3We are using the standard deviation instead of the variance
because of intepretability
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Figure 2. Comparison of observed and simulated precipitation values in terms of several quantitative measurements.
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Figure 3. Comparison among empirical distributions of quantitative measures per simulation

tial information and the time of occurrence). The dashed
blue line represents the quantitative measures of observed
precipitation values. The results show that IBMWeathergen
and RGeneratePrec have a better representation of those
metrics than the DL models. The IBMWeathergen under-
estimates the maximum values, and it has more spread in
representing the skewness and kurtosis than the RGener-
atePrec. On the other hand, the RGeneratePrec slightly
underestimates the observed mean and standard deviation.
GAN and VAE overestimate or underestimate all the met-
rics. VAE has a wider spread for skewness, kurtosis, and
maximum values. Another experiment was to investigate if
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Figure 4. QQ-plots of dry and wet spell lengths of observed and
simulated precipitation values.

the weather generators could simulate the dry and wet spell
length frequencies from the observed data. Figure 4 shows
this comparison in terms of QQ-plots. The results show that
IBMWeathergen and RGeneratePrec can reproduce up to

forty days of consecutive dry days found in the observed
data. These two stochastic generators can also properly
simulate the consecutive number of wet days found in the
observations. On the other hand, GAN and VAE models
fail to reproduce this information in the simulations. One
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Figure 5. QQ-plots of the mean, standard deviation and maximum
value per day: observed vs simulated.

way to validate the simulations’ temporal coherence is to
analyze the simulated data at the day, month, and annual
levels. Figure 5 shows a comparison of the distributions
of the means, standard deviation, and maximum values per
simulation day contrasted with the observed values. The
results indicate that IBMWeathergen is better at represent-
ing those metrics followed by the VAE approach, while
RGeneratePrec and GAN fail in simulating these metrics
per day. We explored the means of the monthly total precip-
itation and wet counts across the sites at the monthly level.
Black points and lines in Figure 6 represent the means of
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Monthly total precipitation means - Palghar, India
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Figure 6. Means of the monthly total precipitation across the sites.

Monthly wet counts means - Palghar, India
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Figure 7. Means of the monthly wet counts across the sites.

the monthly total precipitation of observed values across the
sites. Similarly, the blue points and lines are the medians
of the monthly total simulated precipitation means. The
limits of the gray area are the maximum and minimum of
the monthly total simulated precipitation means. We ob-
served that IBMWeathergen and RGeneratePrec simulations
follow the observed monthly totals, with IBMWeathergen
showing more variability. GAN overestimates the monthly
total precipitation means. However, VAE shows promising
results. It follows the monthly total precipitation means
closely (except for May), and even it presents more vari-
ability, represented by a wider shade area, than the classical
stochastic weather generators. Figure 7 shows a similar
experiment but in terms of percentage of the wet counts in-
stead of precipitation. IBMWeathergen and RGeneratePrec
successfully simulate this information whereas GAN and
VAE overestimate the monthly wet counts. Finally, we ex-

Annual total precipitation means - Palghar, India
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Figure 8. Means of the annual total precipitation across the sites.

plore whether or not the weather generators can reproduce

Annual wet counts means - Palghar, India
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Figure 9. Means of the annual wet counts across the sites.

the total annual precipitation and wet counts. Black points
and lines in Fig. 8 display the means of the total annual
precipitation across all sites. The gray area identifies the
limits of the means of the simulated total annual precipi-
tation. Blue points and lines represent the medians, and
the gray area limits are the maximum and minimum of the
total annual simulated precipitation values across the sites.
In this experiment, only IBMWeathergen can simulate the
interannual variability while RGeneratePrec follows a linear
trend pattern. As GAN and VAE models were not trained
on specific years, they cannot distinguish the total annual
variability. Figure 9 shows the annual totals for GAN and
VAE as reference, which overestimate the observed total
annual precipitation. Figure 9 shows a similar experiment
but in terms of percentage of wet counts.

4. Discussion

In this preliminary study, the IBMWeathergen model was
consistently the best simulator for capturing different as-
pects of the observed precipitation values during the mon-
soon period in Palghar, India. However, there are other
aspects we did not validate, including the superresolution
capability of these generators for generating weather fields.
(We hypothesize that the DL models can be better in this
aspect, and we leave it as future research.) Deep learning ap-
plications in this realm are still immature. We hypothesize
that it is possible to improve the design of weather genera-
tors based on deep learning methodologies by considering
the metrics presented in this paper and others reported in the
literature in the creation of loss functions, architectures, and
algorithms*. For instance, open research questions are: How
to constrain DL models to follow specific patterns found
in data (e.g., dry/wet spell statistics)? How to couple DL
models with temporal modeling concerning the annual and
monthly variability? How to add control capability to deep
learning models for generating extreme scenarios (extreme
rainfalls, long dry/wet spells, etc.)? How to condition the

“Research in stochastic weather generators is about 40 years
old. The literature reports several methodologies for constructing
them. However, there is still a lack of open source libraries and
APIs ready for customization.
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models to forecasting values? and so on.
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