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! of the normalised VAE, WeRec3D and ERAS fields. Differences smaller than those expected from ERAS indicate that the
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reconstructed fields are too smooth; greater differences indicate that the reconstructed fields are too rugged.
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Considering the entire study domain over the period 1950-1954, the VAE model has a relatively high
reconstruction error with mean RMSEs of 2.52 K and 5.18 hPa (compared to 1.84 K and 3.28 hPa for
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- - - latent variables and then WeRec3D; Fig. 2). It also under-represents the true (ERAS) amount of weather variability (given by
: values <1 in Fig. 3), while WeRec3D captures this relatively well. These issues are especially
I upsample this to re-create the
N input fields pronounced towards the northwest and southeast of the domain where observations are minimal.

Normalised ERAS input Re-created input . : - : :
Furthermore, the variograms (Fig. 4) indicate that the reconstructed VAE fields of both variables are

\/ considerably too smooth relative to ERA5. Again, WeRec3D is closer to reality with temperature and

pressure fields that are only somewhat too rugged and smooth, respectively.
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The latent variables can then be fyey decoder | |11 VS _ | ] The VAE model reconstructs the hold-out series of 1807 relatively well compared to WeRec3D and
iteratively adjusted such that the output LZ' _ - - i - \ 20CRVv3, successfully demonstrating the application of this deep-learning architecture for the task of
best matches any observations from a - - \ —Ki’b C{SJ historical weather reconstruction.
given day of interest, thus providing the \ _ % N " 5 1% 1
reconstruction. | s " P e S = Overall, however, the VAE does not outperform WeRec3D when considering the entire spatial
Reconstruction Observations domain, with the lattgr providing more realistic and accurate reconstructions, particularly in the most
sparely observed regions.
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