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Abstract. Classification of roof covering in urban areas using aerial imagery is a challenging task. In this work we
present a preliminary mapping of roofs using the high-resolution Skysat multispectral images. The classification is
performed using a two-stage machine learning approach: the first stage includes a supervised classification for land use,
while the second stage includes the classification of terraces and roofs with one or more pitches in those areas previously
recognized as edifices. The methodology has been tested to classify the roofs in the north-east part of the Stromboli
Island (Sicily, Italy). Our preliminary results are promising and encourage us to pursue further developments as ways to
improve accuracy and reliability of the classification.

INTRODUCTION

Satellite images are gaining a continuously growing importance in all the fields of Earth surface monitoring
including Land - Oceans - Atmosphere, providing observations at bird-eye and low cost difficult to impossible to
obtain from the ground. Apart from classical weather forecasting applications, information coming from satellite
sensors are currently used for Land Surface Temperature (LST), high temperature events characterization, such as
volcanic eruptions or forest fire, ground deformation measurements, digital surface models productions, land use
classification, etc., to monitor the changing environment and support actions to assess and possibly mitigate natural
disasters (see e.g. [1-5]).

The rapid increase of low-cost, small satellites (e.g., nano- and microsatellites) has represented a revolution for
the regular observation and monitoring of Earth. These satellites, which are cheap to make and cheap to launch,
offer greater operational capacity and reduced revisit interval (from hours to days). One of the most successful
examples of microsatellites is SkySat. Skysat data is acquired by a constellation of 21 high-resolution satellites
owned and operated by Planet Labs, and is available in different product lines [6].

In this work we used a Skysat Collect image acquired on the Island of Stromboli (Sicily, Italy) in May 2021.
This imagery was analyzed through a two-stage machine learning approach using Google Earth Engine (GEE), the
cloud-based computing platform established by Google to support remote sensing data processing.

The output consists of two maps focused on the north-east area of the Stromboli island. The first map includes
four land use types (sea, vegetation, roads and edifices), while the second map provides a classification of the roof
coverage among flat, single pitch and double (or more than two) pitch roofs.



MATERIAL AND METHODS

The SkySat Collect product used in this work is an orthorectified composite of sensor and geometrically
corrected scenes, acquired on 21 May 2021 at 09:40 UTM above Stromboli Island. The imagery consists of 4
multispectral bands (blue, green, red and NIR-infrared), as well as the panchromatic band, with a spatial resolution
of 50 cm. For our analysis, we focused on an area of 2.43 km’ including the most densely populated part of
Stromboli Island (Fig. 1).

FIGURE 1. Skysat image showing the north-east part of Stromboli Island, which was used to test our approach. The inset shows
the location of the study area.

In order to perform the roof cover classification, we applied the “Random forest” (RF) algorithm, which is a
supervised learning algorithm commonly used to solve regression and classification problems. It uses the so-called
“ensemble learning”, a technique that combines many classifiers to provide solutions to complex problems. The RF
algorithm consists of many decision trees, whose predictions are aggregated to establish a final outcome.

Different algorithms for random decision forests are available in literature (e.g. [7, 8]). Here we used the RF
implementation available through the Classifier package of GEE, whose general workflow consists of five steps:

1. Collection of the training data. This is done by creating n different layers (one per class) as
FeatureCollection, using the imagery as guidance;

Instantiation of the RF classifier;

Training of the RF classifier using the training data;
Classification of the image to create a n class image;
Accuracy assessment using independent validation data.

In this work, we applied the GEE workflow first for land cover by collecting four training classes (sea,
vegetation, paved roads/dirt tracks, and edifices), and then to discriminate the coverage of only the edifices using
other three training classes (flat, single pitch, double pitch roofs).

In order to assess the accuracy of the classification, we divided the training samples in two parts and used one for
training the classifier (the 70%) and the other for validating the prediction (the 30%). After training the classifier,
the whole image is classified and the classified values are compared with the ones of the validation. We thus
computed the confusion matrix to evaluate the accuracy of the classification. Moreover, we performed a qualitative
validation by visual inspection using the high resolution color satellite data available in GEE.
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RESULTS

The outcome of our two-stage machine learning approach is shown in Figure 2. The first stage of the RF
algorithm provided a land use classification (Fig. 2a) with four classes: sea (in blue), vegetation (in green), paved
roads/dirt tracks (in gray), and edifices (in red). We found that the sea and vegetation cover most of the study area
(40% and 39%, respectively), while roads and dirt tracks cover 11% of the area. The part classified as edifices is the
smallest one, with only 10% (about 2.5 km?).

The roof covering classification (Fig. 2b) from the second stage of the RF algorithm returns three classes: terrace
(in red), single pitch (in yellow), two or more pitches (in blue). Following this classification, 45% of edifices have a
flat covering, 14% have a single pitch roof, and 41% have a double pitch roof or roofs with more than two pitches.
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FIGURE 2. Land use (a) and roof covering (b) classification of the north-east part of Stromboli Island.

Using the confusion matrix to perform a quantitative validation of the results, we found an overall accuracy of
about 85% for both classifications (0.847 for land use; 0.852 for roof covering). By making sample qualitative
comparisons with the high resolution images provided by Google Earth, we also found a good fit.

CONCLUSION

We developed a two-stage machine learning approach based on the Random Forest algorithm to perform a land
use classification and a subsequent roof covering classification. We implemented our approach using the Google
Earth Engine Platform. For the classification we used a very high resolution Skysat imagery (0.5 m of spatial
resolution) acquired on 21 May 2021 on Stromboli Island. We obtained two maps, which were validated using
quantitative and qualitative validation.

In this preliminary study, our intention was to explore the potential of Skysat imagery to map the land use and
roof covering, as well as to identify possible limitations of using these images. We believe that the achieved results
are encouraging and indicate the appropriateness of the method. However further investigations are needed to
improve the accuracy and reliability especially of the roof covering.
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