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Estimating rainfall areas and rates from geostationary satellite images has the oppor-
tunity of both, a high spatial and a high temporal resolution which cannot be achieved
by other satellite-based systems until now. Most recent retrieval techniques base on
the spectral channels of the satellites as predictor variables solely. These retrievals can
be classified as ”purely pixel-based” because no information about the neighbourhood
pixels is included. Assuming that precipitation is highly correlated with cloud processes
and therefore with cloud texture, texture information derived from the neighbourhood
of a pixel might give valuable information about the cloud type and hence about a
respective probability of the rainfall rate. To study the potential of texture variables
to improve optical rainfall retrieval techniques, rainfall areas and rainfall rates were
predicted for Germany 2010 using a neural network approach. In addition to the spec-
tral predictor variables from Meteosat Second Generation (MSG), different grey level
co-occurance matrix based texture variables were calculated from all MSG channels.
Models were trained for the best performing predictor variables revealed during a re-
cursive feature selection. The performance was then compared to models that used
spectral predictors solely. Contrary to expectations, the performance of the models did
not increase when texture information were included. Therefore, it could be shown that
texture variables have no advantage in machine learning based optical rainfall retrievals
over spectral-only models.

1. Introduction

Estimating rainfall from geostationary satellite images has the opportunity of both,
a high spatial and a high temporal resolution which cannot be achieved by other
satellite-based systems until now. Though recent studies indicate the great potential
of optical rainfall retrievals (see valuable overviews by Kidd and Levizzani (2011);
Levizzani, Amorati, and Meneguzzo (2002); Levizzani et al. (2001); Prigent (2010);
Thies and Bendix (2011)), the task to accurately estimate rainfall from space re-
mains challenging due to the variability of rainfall patterns on the one hand, and
due to its high spatio-temporal dynamic on the other.

The majority of recent optical rainfall retrievals base on machine learning algo-
rithms to relate the spectral satellite information to rainfall areas or rainfall rates
rather than using parametric approaches (Capacci and Conway 2005; Grimes et al.
2003; Rivolta et al. 2006; Giannakos and Feidas 2013; Hsu et al. 1997; Hong 2003;
Kühnlein et al. 2014a). Though different machine learning algorithms are used in
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different retrieval techniques, Meyer et al. (2016) compared the performances of
different ML algorithms for the task at hand and concluded that there is a need to
improve retrievals by defining suitable predictor variables rather than optimizing
by the choice of the ML algorithm.

Among the recent retrievals, the predominating predictor variables which are used
are infrared (IR) channels (Feidas and Giannakos 2012; Behrangi et al. 2009) which
are in some studies complemented by visible (VIS), near infrared (NIR) and wa-
ter vapour (WV) channels as well as various channel differences (Kühnlein et al.
2014a,b; Thies, Nauss, and Bendix 2008a,b; Ba and Gruber 2001). These retrievals
can be classified as ”purely pixel-based” because each pixel in an image is treated
completely independent from its neighborhood since no information about the sur-
rounded pixels is included. However, texture information derived from the neigh-
bourhood of a pixel might give valuable information about the cloud type and, due
to corresponding microphysical proceses, about a respective probability of the rain-
fall rate. Texture measures of cloud surfaces in different spatial pixel environments
were repeatedly used as proxy for the cloud type (Christodoulou, Michaelides, and
Pattichis 2003; Ameur et al. 2004; Welch, Sengupta, and Chen 1988; Giannakos
and Feidas 2013), see also a review by Tapakis and Charalambides (2013). Kidd
and Levizzani (2011) for example describe stratus clouds as appearing smooth in
a certain VIS environment while convective clouds tend to have a heterogeneous
surface in the VIS as well as in the IR (Christodoulou, Michaelides, and Pattichis
2003).

Grey level co-occurance matrix (GLCM) based texture measures by Haralick,
Shanmugam, and Dinstein (1973) indicate the spatial distribution of grey values in
a specific environment and are commonly used in remote sensing of clouds. Welch,
Sengupta, and Chen (1988) and Christodoulou, Michaelides, and Pattichis (2003)
used the GLCM based texture metrics for cloud classification using Landsat and
Meteosat 7 images respectively. Some studies also successfully included GLCM based
texture parameters in optical rainfall retrieval techniques (Uddstrom and Gray 1996;
Liu et al. 2014; Giannakos and Feidas 2011, 2012; Hong et al. 2004; Hsu et al. 1997).
However, in these retrievals, texture is used from IR channel derived brightness
temperatures in 3x3 pixel environments solely, or/and the study base on a very
limited number of scenes. An extended study on the predictive contribution of
texture information using the full spectral information of optical satellite data is
still lacking.

Against the background that satellite-based rainfall estimation is still a challeng-
ing task, the aim of this study is to analyze the potential of texture variables in
different spectral ranges for an improvement of optical rainfall retrieval techniques.

2. Methods

Rainfall areas and rainfall rates were predicted for Germany at the example of
the year 2010. Therefore, Meteosat Second Generation (MSG) Spinning Enhanced
Visible and Infrared Imager (SEVIRI) data were used since they permit a quasi-
continuous observation of the rainfall distribution and rainfall rate in near-real time.
A radar-based precipitation product from the German Weather Service, RADOLAN
RW (Bartels et al. 2004), was used for ground truth data.

The general retrieval process was two-fold and consists of (i) the identification of
precipitating cloud areas and (ii) the assignment of rainfall rates. Since the focus of
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this study is on revealing the potential of texture variables, the validation of rainfall
rate assignments was based on rainfall areas derived from RADOLAN RW rather
than from the results from step (i). This ensures that the performance of rainfall
rate models is comparable without confusion based on errors from the prior rainfall
areas delineation. Due to unavailability of visible channels during night, rainfall
areas and rates were modeled for day and nigh scenes separately.

For all prediction tasks (rainfall areas during day, rainfall areas during night,
rainfall rate during day, rainfall rate during night), models were compared that
use spectral and texture variables or spectral variables only (Fig. 1). The following
sections describe the steps towards a model comparison in detail.

2.1. Satellite and ground truth data

MSG SEVIRI (Aminou, Jacquet, and Pasternak 1997) scans the full disk every 15
minutes with a spatial resolution of 3 by 3 km at sub-satellite point. 11 channels mea-
sure reflected and emitted radiances at visible, near-infrared and thermal infrared
wavelengths. In this study, SEVIRI data from the year 2010 were preprocessed and
cloud-masked according to Kühnlein et al. (2014b) and afterwards available on an
hourly basis. All 11 MSG channels available during day were used as predictor vari-
ables. During night, the three channels in the VIS and NIR were not used since
they don’t provide reliable information. In addition to the spectral channels, chan-
nel differences (∆ T6.2 - 10.8, ∆ T6.2 - 10.8,∆ T7.3 - 12.1, ∆ T7.3 - 12.1, ∆ T8.7
- 10.8, ∆ T8.7 - 10.8, ∆ T10.8 - 12.1, ∆ T10.8 - 12.1, ∆ T3.9 - 7.3, ∆ T3.9 - 7.3,
∆ T3.9 - 10.8, ∆ T3.9 - 10.8) were calculated according to Kühnlein et al. (2014a)
resulting in 17 spectral varibles during day and 14 spectral variables during night.
The GLCM based metrics homogeneity, contrast, dissimilarity, entropy and second
moment (Haralick, Shanmugam, and Dinstein 1973) were calculated from all spec-
tral predictors in a 3x3 as well as a 5x5 pixel environment using the ”glcm” package
in R (Zvoleff 2015). To avoid high computational effort, the number of quantiza-
tion/grey levels was reduced to 128. The GLCM was calculated for four directions
and the averages of all directions were taken as final parameters. In addition to
the GLCM based indices, the mean, minimum, maximum and standard deviation
values in the 3x3 as well as 5x5 pixel environment of all spectral variables were
used as further predictors. In total, including the spectral variables, 342 potential
predictor variables during day and 266 during night were presented to the models.
All predictors were centered and scaled by dividing the values of the mean-centered
variables by their standard deviations. Fig. 2 gives an example of the scaled VIS
0.6 µm channel (Fig. 2a) and the corresponding homogeneity (Fig. 2b) as well as
entropy (Fig. 2c) in a 5x5 pixel environment.

As ground truth data, the RADOLAN RW data were used. RADOLAN RW is
based on measurements with a C-band Doppler radar of 16 German and neigh-
bouring radar stations. Rain intensity adapted Z/R relationships, statistical clutter
filtering and shadowing effects are treated within an on-line calibration process.
Furthermore, precipitation intensities are adapted with ground-based precipitation
measurements. The precipitation product is available at a temporal resolution of
one hour covering the entire area of Germany at a spatial resolution of 1 by 1 km
(Bartels et al. 2004). RADDOLAN data were re-projected to geos projection and
bi-linearly resampled to match the geometry of the SEVIRI data.
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2.2. Compilation of training and test data sets

Scenes with at least 3000 rainy pixels were designated as precipitation events based
on the RADOLAN RW product. Only these scenes were considered for further
analysis. The scenes were splitted into day scenes (scenes with a sun zenith angle
> 70) and scenes where the visible channels are not reliably available (i. e. night
and twilight). All twilight and night scenes are treated equally in this study and
are termed ”night” in the following. Since model training using several hundred of
predictor variables requires a high computation effort as well as a high amount of
storage capacity, a selection of training scenes was required. Therefore, 100 rain
events during day and 100 rain events during night were randomly selected. The
random selection gave 100 rain events from 78 different days during day and from
76 different days during night. All other rain events in the year 2010 were used as
testing scenes. From the training scenes 5% of the cloudy pixels were considered for
rainfall areas model training. For training of rainfall rates 25% of the rainy pixels
according to the RADOLAN RW product were used. Using a subset of data was
necessary due to computing capacity. The selection of training pixels was performed
using stratified random sampling to account for the distribution of the dataset. The
final training dataset consisted of 110920 pixels for rainfall areas training during
day and 63896 during night as well as 141931 pixels for rainfall rate training during
day and 102384 during night.

2.3. Neural network training

Neural networks are a well established method and were shown to perform best
in this optical rainfall retrieval technique with a high computation speed which is
important considering the high amount of predictors and data points (Meyer et al.
2016). We used a single-hidden-layer neural network, implemented in the ”nnet”
package (Venables and Ripley 2002) in R.

2.3.1. Recursive feature selection

Though neural networks are known as being able to deal with highly correlated
predictor variables, Kuhn and Johnson (2013) have shown that neural networks are
not as unaffected by adding non-informative or redundant parameters. Further, from
a technical point of view, many predictors result in a high amount of data which
cause storage difficulties and increased computation times. Feature selection is a
suitable method to take all potential predictor variables into account but overcome
the mentioned issues. We used recursive feature elimination according to Guyon
et al. (2002) which is implemented in the caret R package (Kuhn 2014a). Recursive
feature elimination fits the model first with all predictor variables. It then calculates
variable importance according to the weights method of Gevrey, Dimopoulos, and
Lek (2003) and removes the least important variables. In the next step, the model is
re-calculated with the reduced number of variables. This step is repeated for different
tested quantities of variables. The best number and combination of variables is then
determined by comparing the performance of the individual models using Receiver
Operating Characteristics (ROC) as performance metric for rainfall areas models
and R2 for rainfall rate models.

Since feature selection is very computation time consuming, parameter tuning was
reduced to a minimum during feature selection: The number of neurons in the hidden
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layer was tuned between 2 and 10 with increment 2; 15 to 30 with increment 5; 40 to
80 with increment 10 and 100 to the number of predictor variables with increment
50. Weight decay was kept constant at 0.05. The extensive tuning study was carried
out after the optimal variables were determined. For all steps of variable selection as
well as parameter tuning and model training, stratified 10 fold cross-validation was
performed to determine the optimal model settings. Thus, the training samples were
randomly partitioned into 10 equally sized folds with respect to the distribution
of the response variable (i. e. equal distribution of rainy/non rainy cloud pixels
and equal distribution of rainfall rates respectively). Models were then fitted by
repeatedly leaving one of the folds out. Performance of a model was determined
by predicting on the respective held-out fold. The performance metrics from the
hold-out iterations were averaged to the overall cross validated model performance
for the respective set of tuning values.

2.3.2. Fine tuning and model training

Models using the optimal variables determined by feature selection as well as the
spectral-only models were extensively tuned and trained. Weight decay was tuned
between 0 and 0.1 with increment 0.02. The number of neurons in the hidden layer
was tuned between 2 and the number of predictor variables with increment 2. The
performance of ML algorithms suffers when training classes are highly unbalanced.
ML algorithms then tend to maximize performance by over-predicting the majority
class. This is particularly critical for the prediction task of this study as the intended
prediction target (rainy clouds) usually represents the minority class. To overcome
problems caused by unbalanced classes (see e. g. Liu et al. (2006)), the optimal prob-
ability cut-off from predictive models for rainfall areas delineation was determined
based on ROC analysis (Fawcett 2006; Hamel 2009) following the methodology of
Kuhn (2014b). We therefore used the threshold from the predicted probabilities as
additional tuning parameter in the classification models (tuned between 0 and 0.4
with increment 0.02 and between 0.5 and 1 with increment 0.1). The threshold lead-
ing to the minimal distance to a perfect model was used for the final training of the
respective model. See Meyer et al. (2016) for further description on this method.
The best performing tuning parameters were applied for final model training. The
trained models were used to predict rainfall areas and rainfall rates on the testing
scenes.

3. Results

The performance of the rainfall areas models first increased with the number of
predictor variables, for both, day and night (Fig. 3a). The optimal number of pre-
dictor variables was identified to be 20 (ROC = 0.902) for day and 14 for night
(ROC = 0.786). Regarding the night model, the performance then dropped down
and remained constant from 75 variables on. The day model was not affected by
a high amount of predictor variables and the performance remained constant after
the optimal ROC value was reached. The rainfall rate models were more affected by
the number of predictor variables (Fig. 3b). The performance first increased to its
maximum using 30 variables during day (R2 = 0.313) and 14 variables during night
(R2 = 0.211) respectively. The R2 then rapidly decreased in both, the day and the
night models.
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There were no significant differences between the models which used the opti-
mal variables revealed during feature selection and the models which used spectral
variables only (Fig. 4, 5). The average RMSE of rainfall rate prediction during day
was 1.09 mm for spectral-only models and 1.08 mm for the spectral+texture model.
During night, the average RMSE was 10.2 in both models. Regarding the prediction
of rainfall areas, both models had a probability of detection (POD) of 0.70 and a
probability of false detection (POFD) of 0.36 during night. During day, the POFD
of both, spectral-only as well as spectral+texture models was 0.20. POD was 0.80
in the spectral-only model and 0.81 in the spectral+texture model. There were also
no significant differences in the false alarm ratio (FAR).

4. Discussion and Conclusion

The decreasing performance with increasing number of variables showed that a fea-
ture reduction is necessary when a high number of predictor variables is presented
to the models. In general, the performance of the retrieval is in the same range as
indicated by similar studies (Kühnlein et al. 2014b,a; Giannakos and Feidas 2013).
Surprisingly, the use of texture variables did not considerably increase the perfor-
mance of the models. Concerning the delineation of rainfall areas, these findings
correspond to those of Giannakos and Feidas (2011). Though Giannakos and Fei-
das (2012) showed that texture variables can slightly improve estimations of rainfall
rate delineations compared to spectral-only models, these findings could not be con-
firmed by this study. The contradictions might result from the considerable smaller
number of training scenes used by Giannakos and Feidas (2012) which have a higher
exposure for overfitting.

Though during feature selection many texture variables were selected for the final
model, the performance when the models were actually applied on the satellite im-
ages did not improve compared to the spectral-only models. The differences between
the cross validated performance and the performance when the models were actu-
ally applied to the independent scenes might be a matter of slight overfitting. Since
the cross validation was not based on a leave-one-scene-out cross validation, the
samples have not been completely independent which might explain the difference
between cross validated performance and the completely independent performance.

In summary, we could show that texture variables in optical rainfall retrievals
could not improve the final performance compared to spectral-only models. There-
fore, in order to avoid high computation time it is reasonable to retain the pixel-
based approach which requires the spectral channels of the optical satellite system
as predictors only.
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Figure 1. Overview of the methods to compare models that use spectral and texture variables with models

that use spectral variables only.

Figure 2. Example of the scaled VIS 0.6 µm channel (a) at 2010/05/06 14:45 as well as the corresponding
homogeneity (b) and entropy (c) in a 5x5 pixel environment. Transparent pixels were not cloudy at this

time.
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Figure 3. Dependence of the number of variables on the performance of (a) rainfall rates during day (upper
line) and night (lower line) incicated by R2 and of (b) rainfall areas during day (upper line) and night (lower

line) indicated by ROC. The grey areas show the standard error.
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Figure 4. Boxplots showing the performance of the full models as well as spectral-only models for rainfall

areas. Note that outliers are excluded since a visual assessment of the differences between models was

impossible when a large span of values was illustrated.
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Figure 5. Boxplots showing the performance of the full models as well as spectral-only models for rainfall

rates. Note that outliers are excluded since a visual assessment of the differences between models was
impossible when a large span of values was illustrated.
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