
D
iscussion

P
aper

|
D

iscussion
P
aper

|
D

iscussion
P
aper

|
D

iscussion
P
aper

|
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Fig. 2. Analysis of missing data patterns: (a) distribution of number of missing sensors in observations (10+ means from 10 to 36 are
missing); (b) effects of removing the most missing sensors, (c) the relation of individual sensors with the target variable (each dot represents
one sensor).

could solve the problem. That could help if mostly the same
sensors were missing all the time. We can analyze in which
way individual sensors are missing by the following experi-455

ment. First, we remove a sensor with the most missing val-
ues from the dataset, this way the observation vectors at each
30 minutes time stamp become shorter, they now include 35
sensors instead of 36. Given the updated observation vectors
we recalculate how many of those vectors contain at least460

one missing value. Then we remove the next most missing
sensor and repeat the calculation. Figure 2 (b) presents the
results. We see that removing a couple of largely missing
sensors does not make the remaining observations complete.
We would need to remove about half of the sensors in order465

to reach the stage where at least 95% of the data are com-
plete. The problem with this approach is that sensors to be
removed may carry important information about the target,
which would be lost if a lot of those sensors are removed.
Figure 2 (c) presents relation between the missing data rate470

in each sensor and the information about the target contained
in it, measured as the absolute linear correlation with the tar-
get variable. We have removed the periods where the value
of the target is equal to zero (the dark periods when there is
no solar radiation) from this analysis. We see some sensors in475

the far right corner and upper center that have high missing
value rate, but also high correlation with the target variable.
This means that excluding sensors with high missing value
rates would lead to losses of valuable information about the
target that would be useful for nowcasting.480

One more issue with the data is that sensors produce miss-
ing values not independently from each other. For example,
if one temperature value is missing, then it is likely that the
other temperature values are missing as well. It may be the
case that sensors are missing together due to some common485

external reasons, for instance, electric power outages. This
observation is illustrated by Figure 3, which plots pair-wise
correlations between missing values for different sensors.
Sensors that often are missing together are encoded in black
(dark). We see that particularly temperatures (T), relative hu-490

midity (RH), visibility and precipitation readings are often
missing together. This means that we cannot rely on redun-
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Fig. 3. Correlation of missing value patterns. High correlation (in-
dicated by darker values) means that the values are often missing
together.

dancy of the sensors such that if say a temperature reading is
missing at 33m, we can use the reading at 50m. Both read-
ings would often be missing together.495

Finally, in many cases the average duration of missing val-
ues lasts for several hours. Figure 4 presents the average du-
ration of missing values in the case study dataset for each
sensor. Since values may be missing for extended periods of
times, from this perspective we also cannot simply discard500

data with missing values, since in such cases we often would
not have model outputs for extended periods of time.

In summary, the amount of missing data is very large, at
this level data with missing sensors cannot be discarded with-
out losing valuable information. Missing values are strongly505

correlated with each other that makes it difficult and in many
cases impossible to make use of sensor redundancy or impute
missing data based on non-missing data. Removing sensors

Figure 3. Correlation of missing value patterns. High correlation (indicated by darker values) means
that the values are often missing together.
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