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Neuchétel, september 2023

The use of artificial intelligence
In the FSO's land use statistics
The ADELE deep learning tool: how it works, capabilities and limitations

Since 2022, artificial intelligence has been contributing for the
first time "in real use” to the production of an official statistic
in Switzerland. The deep learning tool ADELE has enabled
partial automation of the labour-intensive task of interpreting
the aerial photographs on which Switzerland’s land use sta-
tistics are based. ADELE is an excellent example of the new
possibilities offered by Al in the production of official statistics
and of how Al could be used in practice. However, ADELE has
also highlighted certain conflicts between the way artificial
intelligence works and the need to produce reliable series of
statistics for use in the long term.

1 The FSO's land use statistics:
Content and purpose

The land use statistics produced by the Federal Statistical Of-
fice (FSO) provide information about land use and land cover in
Switzerland and on how these change over time. It is therefore
an essential tool for long-term spatial monitoring. The findings
of the land use statistics make it possible to assess whether and
to what extent the changes in land use coincide with the objec-
tives of Swiss spatial development policy and hence also with
the desire for a more economic approach to land as a resource.

Currently, the results of four methodologically consistent and
completed surveys are available: 1985, 1997, 2009 and 2018 (see
also box on right). Each date refers to the final year of a multi-year
survey period. Another survey began in 2021, the first results of
which (cantons of Geneva and Vaud) were published in summer
2023. Results for the whole of Switzerland are expected to be
available in 2027.

Espace de I'Europe 10 CH-2010 Neuchatel www.statistics.admin.ch

Land use statistics: findings and detailed methodology
documents
The graphic below shows an example of an analysis based on the
data from the land use statistics survey. Between 1985 and 2018,
an area of 0.7 square metres was lost every second to building
development, meaning it was converted into land for settlement
and urban areas.

Visit the FSO website at: www.landuse-stat.admin.ch for
more land use graphics, detailed tables, explanations and meth-
odology documents.

Change in land use in m2 per second between
1985 and 2018

Increase and decrease by main category

-1.0 -0.5 +0.0 +0.5 +1.0
Settlement and urban areas
Agricultural areas

Wooded areas

Unproductive areas

Source: FSO - land use statistics (AREA) © FSO 2023


https://www.bfs.admin.ch/bfs/en/home/statistics/territory-environment/land-use-cover.html

2 Data sources and traditional survey
process

Based on aerial photos

The basis for the land use statistics are high-resolution aerial
photographs, which cover the whole of Switzerland's territory and
which the FSO receives from the Federal Office of Topography.
The images are taken by specially equipped aircraft that fly over
Switzerland at regular intervals. The photographs are mainly used
for creating and updating Swiss maps. The production of the land
use statistics is one of many secondary uses.

Over 4 million sample points

The aerial photographs are first overlaid with a grid of sample
points spaced 100 meters apart. This provides some 4.1 million
sample points on which to base the statistics. The points are
georeferenced and remain fixed. They are thus in the same posi-
tion in every survey. In each survey, land use and land cover are
determined anew for each individual sample point. The findings
are then extrapolated to the whole territory.

Visual interpretation of the aerial photographs

The type of land use and land cover at the sample points is tra-
ditionally interpreted by humans. Trained analysts view the aerial
photographs on a special stereoscopic 3D monitor and label
each sample point with a predefined land use and land cover
classification. The analysts examine the images of the area im-
mediately surrounding a sample point. Is the sample point on a
building? If so, what kind of building? Is it a residential, industrial,
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or agricultural building? They distinguish between 46 different
types of land use and 27 types of land cover (e.g. "buildings" or
"shrubs"). The different types of land use all fall into one of four
main categories: settlement and urban areas, agricultural areas,
wooded areas and unproductive areas.

Additional information for interpreting the images

To make it easier for the analysts to determine the land use and
cover at the sample point, they can draw on various additional
information displayed on a second screen. The Federal Register
of Buildings and Dwellings, for example, enables distinction be-
tween single-family and multi-family dwellings. The Topographic
Landscape Model of Switzerland provides information on road
width, and the Inventory of Utilised Agricultural Land helps iden-
tify special crops such as orchards or vineyards. Although the
analysts have access to this information and a lot of other data, it
is not always possible to pinpoint the exact use and land cover at
a particular sample point. For such cases, an on-site inspection
is needed.

An analyst interpreting the aerial photos on a stereoscopic 3D monitor. The two
side screens display additional information.

An aerial image with sample points and codes indicating the determined land use.
Code 106/11 stands for "consolidated surface in public building area".
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3 The use of artificial intelligence
in the FSO'’s land use statistics:
potential and challenges

Despite the above-mentioned additional information and the use
of certain aids (e.g. automatic plausibility check when entering
the label information), the visual interpretation of the aerial photo-
graphs remains extremely laborious in view of the vast number of
sample points — 4.1 million. It therefore makes sense to partially
automate the task of interpretation using an image recognition
program. Thanks to Al and machine learning (see below for de-
tails), automatic image recognition and the possibilities it offers
have vastly improved in recent years.

Using Al in Switzerland's land use statistics appears to make
even more sense if you consider the vast amount of existing
material that can be used to train the models. Millions of aerial
images have already been interpreted by humans over the course
of past surveys and each individual interpretation and corre-
sponding image has been stored digitally. The ‘click work that is
necessary to train automated image recognition programs has
thus already been done.

Considering this potential, the FSO commissioned a feasibility
study in 2017 to clarify whether the interpretation of the aerial
photographs that form the basis for Switzerland's land use statis-
tics could be automatised at least partially using Al, aiming also
to carry out the surveys at closer intervals in future. It quickly
became apparent, however, that the potential is great but so are
the challenges:

— Land use statistics require much higher precision than many
commercial uses of image recognition.

— The huge number of sample points to interpret requires a simi-
larly large amount of processing power and time. If it took one
second to determine the land use and cover at a single point,
it would take 47 days to determine 4.1 million survey points!

— Some land use and land cover categories look very similar
on the aerial images, so additional information is needed to
identify them. The Al model must therefore have the capacity
to process other information besides images. This requires a
more complex program architecture and even more process-
ing power.

- The frequency with which different uses and cover categories
occur varies considerably. Some categories occur so rarely
that there is not enough material on them to train the Al with
high precision. There is also a danger that these rare catego-
ries will be overlooked by the machine learning algorithms.
Statistical methods must therefore be used to take into ac-
count the frequency with which the categories occur.

4 The ADELE Al tool: its structure
and how it works in theory

Owing in part to the difficulties described above, it is unlikely that
the interpretation of aerial images using Al will be fully automated
in the short to medium term. Nevertheless, the FSO decided to
develop a suitable Al application together with expert partners,
as even partial automation would considerably speed up the
task of interpreting the images. Because its core module uses
the deep learning method, the Al tool was named ADELE, which
stands for "Arealstatistik DEep Learning" (Arealstatistik = land
use statistics).

Next, we will begin by describing how ADELE is able to au-
tomatically identify the land use and cover type in theory, i.e.
regardless of the tool's practical limitations. We will then go on
to show how ADELE is combined in practice with human inter-
pretations of the images to speed up the process of generating
the land use statistics without compromising the quality and
reliability of the results.

41 ADELE's core: a deep learning module for the
"visual” interpretation of aerial images

As we have seen, human interpreters rely primarily on the infor-
mation contained in the aerial photographs to determine the land
use and land cover at the sample points. A visual interpretation is
carried out. The ADELE model also infers a land use and a land
cover based on the images. Its core capability is to search for
patterns in the area around the sample points on the same aerial
photographs, allowing the points to be assigned to one of the 46
land use and 27 land cover categories of the land use statistics.
For each sample point, it analyses a 50x50m section of image,
which is equivalent to 200x200 (40,000) three-colour pixels. The
different colour values form the basis for ADELE's interpretation
of the image.

But how does ADELE interpret the images? The answer to this
question is both simple and complicated. ADELE determines the
land use and land cover by means of a statistical model consist-
ing of a vast number of parameters set by the tool itself during
the training phase. ADELE has not been fed any formal rules like
"colour white = glacier" by human programmers. The reason for
this is that it simply isn't possible to manually program all the
rules needed for the correct interpretation of the aerial images.
Instead, humans have programmed the tool to "train” itself to cor-
rectly identify land use and land cover based on older survey im-
ages and corresponding labels. This is where the artificial neural



Deep learning

"Deep learning” is a type of machine learning, and thus an area
of the vast field of artificial intelligence. The basic principles of
Deep Learning have been known for decades. For a long time,
limited computing power and a lack of suitable data to feed
the learning processes were major obstacles to its success-
ful application. Once these obstacles were overcome, deep
learning took off, especially in automatic image and speech
recognition, achieving results that seemed unattainable until
recently.

The basic principle of deep learning is to some extent in-
spired by the way the human brain works, which is why its
algorithms are also called "artificial neural networks". However,
it is ordinary computer processors that make up the hardware.

How it works

Deep-learning artificial neural networks are like vast networks
of simulated neurons (artificial nerve cells), which are organ-
ised in layers and exchange signals (G2). The first layer of
neurons is called the input layer. This is where the data to be
examined in the artificial neural network is "stored". In the case
of the aerial images for Switzerland's land use statistics, the
input layer corresponds to the 120 000 colour values of the
40 000 pixels of the examined section of image (see section
4.1). Each individual colour value is thus used as the output
signal of a neuron in the input layer.

The actual data processing takes place in the hidden layers
of the network. There can be a great many of these layers,
making the network "deep"’, hence the term "deep learning".
Modern deep learning networks can also have complex convo-
lutional structures, which further enhance the performance of
the network. This is also the case for the convolutional neural
network employed in the land use statistics.

A given neuron "X" in the hidden layer only receives signals
from neurons in the upstream layer. The aggregated signal
received by neuron X will be greater or smaller depending on
how strongly the upstream neurons "transmit" their signals
and on the strength of the connections at neuron X. Neuron X
then increases or decreases the strength of the received signal
and transmits it to the neurons in the next layer. This splits
the signal, so depending on the strength of the connection, a
particular neuron in the next layer will receive more or less of
the signal from X.

Crucially, the strength of each individual connection in
the artificial neural network can vary separately, as can each
neuron's strengthening or weakening of the signal. There are
therefore countless small 'levers' that can be used to change
the flow of signals through the different layers of the network,
and thus determine which parts of the signal from the input
layer arrive at a particular neuron in the output layer.

This last layer is called the output layer. In the case of
Switzerland's land use statistics, the output layer neurons
correspond to the individual categories of land use and cover.
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Artificial neural network with three hidden layers G2
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Source: FSO — Switzerland's Land Use Statistics (AREA) © FS0 2023

It thus consists of 46 neurons for the network used to identify
land use and 27 for the network used to identify land cover.
The goal is to adapt the strength of the connections and the
ability of the many neurons in the hidden layers to increase or
decrease the strength of the signal, so that for every possible
aerial image fed into the network, the neuron in the output
layer that represents the correct land use or cover category
always receives the strongest signal. For example, if the neural
network is fed an aerial image with a sample point over a lake,
then in the output layer, only the neuron that represents the
use category ‘standing water' should receive a signal and thus
be "activated".

Learning process

The hidden layer parameters thus contain the "rules" by which
the network interprets the input data. However, these rules are
not fed into to the neural network by a human programmer.
The rules are devised by the neural network itself, hence its
“artificial intelligence".

Establishing these parameters requires a lengthy training
process using vast amounts of human-interpreted data and a
lot of computing power. Before the training begins, all neuronal
connections in the network are randomly assigned a weight,
and the signal amplification or attenuation of the individual
neurons is also set at random. The network is then allowed
to process the training data according to these random rules.
In the case of the land use statistics, the network was fed
millions of sections of aerial images from previous surveys.
The categories assigned by the network using the completely
random parameters are of course completely useless for
image interpretation. But this is irrelevant for the time being
because the goal of this first pass of the data is different.
Once completed, it will be possible for each aerial image to
determine how much the calculated value deviates from the
actual (human-assigned) value for each individual neuron in
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the output layer. Based on the deviation, the network can then
parametrise itself in a further, even more complex computing
process, i.e. it can "learn". To do this, the network works back-
wards to propagate the error from the output layer to the input
layer in a process called "backpropagation”. The parameters
that are thus established in the intermediate (hidden) layers
are so extensive and complicated that humans can only par-
tially understand them.

network at ADELE's core comes into play. The network depends
on the already much-mentioned principle of "deep learning’, a
special type of artificial intelligence about which you can read
further details in the box on page 4. The type of network used
in the case of ADELE is a convolutional neural network (CNN).

However, when the trained deep learning module is presented
with a particular sample point for interpretation, the output of
the computer process is not a definitive answer like “point X
corresponds to use category A". Rather, the model provides an
indication of probability (a prediction) for each of the 46 land use
and 27 land cover categories. This result can then be used as
input for further processing.

4.2 Inclusion of additional information using
the random forest module

As previously mentioned, the human image interpreters can con-

sult a range of additional information to help them interpret the

aerial images correctly. The same goes for ADELE. The next stage

in the process combines the output of the image interpretation

process using the deep learning module with other information

to further increase precision when determining the categories. At

the moment, ADELE makes use of the following data:

— elevation data: altitude above sea level, slope, vegetation
height, etc.

— specific data from the Topographic Landscape Model by swis-
stopo;

— colour values (including infrared) detected by satellite at the
sample point at different times of the year;

— other geodata: official cadastral survey, building zones, uti-
lised agricultural land, etc.

To combine the deep learning image interpretation with the ad-
ditional data, a separate machine learning technique known as
‘random forest" is applied (see box below for explanation). Three
separate models are trained:

— The first random forest model determines land use at the
sample point.

— The second model determines the land cover.

— The third model only decides whether land use or land cover
at the sample point have changed since the last survey (yes/
no). This gives it a simpler task than the first two models, so
its predictions are more accurate.

To speed up the learning process and increase the quality of
the image interpretations, the land use statistics use a neural
network that has been pre-trained by its manufacturer using
other image data. Thus, when training with Switzerland's land
use statistical data began, it was already able to recognise
useful image characteristics such as edges or corners and
was able to transfer this "knowledge" to the aerial images upon
which Switzerland's land use statistics are based ("transfer
learning").

5 How ADELE is used in practice
5.1 Performance limits and countermeasures

The previous chapters clarify how the ADELE Al-tool works in

theory. In practice, we can't leave the identification of the land

use and land cover of all sample points entirely up to ADELE.

There are two main reasons for this.

First, for many of the categories, the tool fails to achieve the
precision required to ensure the consistency of past and future
survey results. Despite ongoing improvements, this is unlikely to
change in the medium to long term. Some categories simply look
too similar, while in others — such as parks — there is a diversity
of shapes and colours that the tool struggles to handle. It is there-
fore necessary to test which categories of land use and cover
ADELE can identify with the required accuracy. The final pub-
lished land use statistics can only draw on these parts of ADELE's
output. In addition, the published results may only incorporate
those sample points where the probability (calculated by ADELE
itself) of correct identification exceeds a certain threshold. All
other sample points still require human interpretation.

Second, the completely automated identification of land use
and cover without a "human in the loop" is not an objective for
fundamental reasons. ADELE must continue to be supplied with
fresh training data in the form of human-interpreted categorisa-
tions, to:

— teach the system to use completely new or at least newly
structured additional data;

— prevent certain interpretation errors from accumulating over
the years in the system;

— continuously adapt ADELE's decision parameters to "phys-
ical changes" in the categories themselves. For example,
"industrial and commercial areas" looked very different on
aerial photographs several decades ago than they do today,
and their appearance is also likely to change in future. This
means that the parameters developed by ADELE on the basis
of today's training data will at some point no longer be suitable
for identifying this use category.



Random forest

"Random forest" is a machine learning method that is often
used when objects need to be ‘classified’ based on certain
characteristics, i.e. assigned to a specific class of objects.
The method is particularly good at processing very different
object features that are only loosely related. This is precisely
the case with the very heterogeneous additional information
(see section 4.2) used to assign the sample to the different
land use and land cover categories.

How it works

"Random forest" derives its name from the "decision trees" of
which it is composed. The method classifies a certain object
— in this case a sample point — based on the decisions made
by a large number of these individual decision trees that to-
gether make up a "forest". The ensemble model simply looks
at how most of the forest's decision trees classify the object
in question.

Decision trees are chains of conditional statements that
can incorporate all the known characteristics of an object.
For example, is a certain sample point located on a building
according to the additional data from the official cadastral
survey? If yes, the sample point may fall into the category
"building”. If no, then another characteristic of the sample point
is considered, and so on. Represented as a graphic, the many
ramifications of the decision chains form tree-like structures
(G3), hence the name "decision trees". In the case of ADELE,
a total of 280 different characteristics feed into the decision
trees. This includes the 73 predictions for the 46 land use and
27 land cover categories generated by the deep learning pro-
cess (see section 4.1), and 207 additional characteristics from
different additional information.

Learning process

The decision trees must be trained using large amounts of
data from previous surveys. Based on the available informa-
tion on the sample point characteristics on the one hand and

To address the second problem and thus ensure the quality of
the survey in the long term, a certain number of sample points
will have to be excluded from automated interpretation. The land
use and land cover at these points will always have to be deter-
mined by human eye. For the land use statistics, a total of almost
1 million such points have been defined.

5.2 Procedure for semi-automated land
use identification

As we have just seen, to guarantee the consistency of the sta-
tistical results, careful limitations must be placed on the use of
ADELE, and its findings must be used in conjunction with the
work of human image interpreters. A specific process has been
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Example of a simple decision tree G3

— leaf node:
777777777777777777777777777777777777 Classification as one of two types

\ I / of object
‘ ——— 2nd decision node:
evaluation based
/ on characteristic B

1st decision node:
evaluation based
I on characteristic A

x ————— object toclassify

Source: FSO - Switzerland's Land Use Statistics (AREA) © FS0 2023

human classifications on the other, the branch structure of
the decision trees is optimised until the trees’ "decisions" are
as close as possible to those of the human image interpreters.
When training the many decision trees, care is taken to ensure
that each branch structure is quite different from the next. A
‘random forest" should not resemble a monoculture of deci-
sion trees of the same type — it needs to be a mixed crop of
very different tree species. This ensures a broader basis for
the final classifications, which reflect all the decisions made
by all the trees in the forest. To ensure "diversity", the order and
thus the importance of the different characteristics included
is varied in each decision tree is varied by means of random
selection, which is where the "random" part comes in.

laid out for this purpose (G4, page 6). The first stage is to check
whether the sample point is one of the approximately 1T million
points for which the land use and cover must be identified by a
human for reasons of long-term quality assurance (see section
5.1). If this is not the case, ADELE automatically checks whether
the land use and land cover at the point has changed since the
last survey. To detect changes, a random forest algorithm spe-
cially trained for this task (see section 4.2) is used, based on the
results of the deep learning module and the additional data. If
a change can be ruled out with a high degree of probability, the
categories applied in the last survey are confirmed, and the auto-
matic determination comes to an end. If, on the other hand, there
is a certain probability of change, the process to automatically
detect the potentially new category is launched. However, the
outcome of this process is only validated if it was ascertained
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(during the testing of the accuracy of ADELE's predictions) that
the probable category is one for which use of ADELE is permitted.
In addition, the probability of a correct prediction by ADELE at
that particular sample point must exceed a certain threshold. If
these requirements are not met, the land use and land cover will
still be determined by sight.

6 Findings and outlook

As of 2023, the ADELE deep learning tool can be used to deter-
mine land use and cover at about 27% of all sample points. This
means that approximately 1.1 million points do not require human
interpretation, which translates into a considerable time saving. It
should be noted, however, that only automatic change detection
is currently in use. ADELE does not yet directly assign a category
when a change is detected.

In future, a number of measures will be taken to increase the
share of sample points that can be automatically classified:

— Use of additional data: data from the Register of Buildings
and Dwellings, infrared aerial images, extended time series of
satellite images, land use and land cover data for neighbouring
sample points, etc.

— Use of a better pre-trained neural network in the deep learning
module.

— Optimisation of hyperparameters in the Al algorithms: for
example, better parametrisation of the number of neurons
(layers) in the deep learning module and the number of deci-
sion trees in the random forest models.

The degree of automation will also increase over time as the
volume of training data continues to grow with each new survey.
However, even with these improvements, it may be difficult to
interpret many more than half of the points automatically one
day. This limitation is also a question of resources. As the level
of automation increases, further increases in automation become
more and more difficult — and therefore more and more expen-
sive. At a certain point, it becomes more efficient to allocate the
resources required for further automation directly to human inter-
pretation of the sample points. It is also important to bear in mind
that the human handling of the basic data — mass viewing of
aerial photos on the screen, discussions with colleagues and the
field visits described above — goes beyond mere classification.
Human interpretation also leads to a deeper understanding of the
data and the categories used in Switzerland's land use statistics,
and thus to the development of the expertise absolutely needed
to interpret the statistical results correctly.

Semi-automated determination of

land use and land cover in Switzerland’s

land use statistics: process flow G4
The Al tool ADELE performs the steps in orange

Additional info:

official cadastral survey,
satellite data, building zones,
utilised agricultural land, etc.

Aerial image with sample point

—Il

Was this point previously selected as
requiring human interpretation?

no

automatic recognition of changes in land
use/cover since last survey

!

(Based on testing) is automatic recognition
of changes reliable for predicted category?

yes l

Is ADELE's calculated probability of a change
\ below the threshold value?

o]

automated determination
of land use/cover

( (Based on testing) is automated \

determination of
land use/cover reliable? Is ADELE's calculated
probability of the land use/cover yes
being determined correctly above
the threshold value?

yes

human determination
of land use/cover

l

category of land use/cover

Source: FSO — Switzerland's Land Use Statistics (AREA) © FS0 2023
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