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MOTIVATION The decarbonization of the global energy system through the transition to renewable
energy sources is one of the main pillars of mitigation measures addressing climate
change. A key determinant in the realization of a successtul energy transition is the
rapid installation of decentralized renewable energy infrastructure, such as roof-top ;
photovoltaic systems (PVs)!. i
PV installations are often small-scale, privately owned and differ widely in their '
capacity. Despite a mandatory registration process in Germany for installations 2
benefiting from subsidies, not all PVs are registered, and of those which are,
geolocations are typically anchored to postal addresses but not the roofs themselves,
which is a major obstacle for spatially explicit assessments of remaining rooftop solar
potential.
In order to foster the rapid expansion of PV installations an automatically updatable
monitoring of the evolution of such PV installations over time is a vital asset for
political decision makers, both on the communal and national level, supporting the
efficient allocation of resources. .
We exploited national inventory address data of PV installations in a semi-supervised
labelling scheme in combination with wall-to-wall coverage of VHR aerial imagery Fig. 1: Percentage of roof-tops > 30m?2 with PV installations.
(20cm resolution) to map every roof-top with PV installations in Germany.
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« Model validation based on a manually labelled, spatially distributed test-set B o nference on CPU dlster
(20k samp|es) [ predict models {m;, ., m,} for all unlabelled buildings
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Fig. 2: Product generation workflow. CV = 5-fold cross-validation.
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B|T_ResNet_v2_50x3\ + Model performance on the test-set was comparable
0.95 k. J across architectures, with CNNs having the
ResNet50 X 2 L] QC advantage over Transformers (some catch-up was
onvNext . . .
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Fig. 2: Average test-set performance of individual models as well as their ensemble with errorbars designating
minimum and maximum scores of five-fold cross-validation.
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